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Abstract 
Plant performance under reduced water availability has traditionally been assessed 
as drought resistance and more recently as water use efficiency (WUE). An extensive body 
of work has been established over the past 15 years where the natural variation of water use 
efficiency has been studied in the model species Arabidopsis thaliana (Arabidopsis). At the 
same time, a substantial degree of criticism has arisen with respect to the use of drought 
resistance and WUE as measures of plant performance, due to the lack of relatedness of 
these parameters to reproductive performance, i.e. yield. 
  The work in this thesis is centered on understanding the physiological and genetic 
basis of water use and water productivity as alternative measures of plant performance 
under the context of reduced water availability. The first part of this study describes an 
extensive assessment of the natural variation of water use and water productivity in 
Arabidopsis in relation to numerous key physiological, phenological, and developmental 
parameters. Furthermore, this work concisely relates plasticity of key traits to historical 
climatic variation. A fundamental aspect of this work was the clarification that it is possible 
to estimate long term water use to a high degree of accuracy based on short term water use, 
i.e. soil drying rate, and flowering time. Flowering time was demonstrated to be the 
predominant driver of vegetative performance and water use, however it appeared to be 
genetically uncoupled from reproductive performance. This is in contrast to previous work 
that suggests WUE, measured as the ratio of C12 to C13 isotopes (δ13C), is positively 
associated with flowering time. Additionally, it was demonstrated that multiple commonly 
 
 
 
employed proxies of reproductive performance including total biomass, WUE, and flowering 
time, were not sufficient at predicting seed yield in Arabidopsis across multiple environments. 
The second part of this study involved the genetic dissection of water use and 
productivity related traits in Arabidopsis through a quantitative trait loci (QTL) mapping study 
and a genome wide association study (GWAS). QTL mapping using a recombinant inbred 
line (RIL) population developed from the ecotypes Col-0 and C24 revealed two key flowering 
time genes, FLOWERING LOCUS C (FLC) and FRIGIDA (FRI), as key regulators of water 
use. It was demonstrated that a combination of non-functional alleles of both FLC and FRI 
reduced long term water use via a shorted life cycle, which is again in contrast to previous 
work relating to the genetic dissection of WUE in Arabidopsis. Crucially, it was observed that 
reduced water use mediated in this fashion did not detrimentally impact upon reproductive 
performance. GWAS was employed subsequent to the QTL mapping in order to identify 
candidate genes underlying the variation for productivity as a unique trait and also as a factor 
of water use, i.e. water productivity. GWAS identified multiple promising candidate genes 
that potentially underlie the heritable genetic variation for flowering time, water use, and 
water productivity.          
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1 Introduction 
1.1 Arabidopsis thaliana 
1.1.2 Arabidopsis as a model organism for gene discovery  
Arabidopsis thaliana (Arabidopsis) is a small annual herb belonging to the 
Brassicaceae family. It is the de facto model species for the global plant science community 
and is directly related to many Brassicaceae crop species, including Brassica napus (oilseed 
rape). Indeed, multiple studies have successfully demonstrated strong genomic relatedness 
between Arabidopsis and these crop species (Reviewed in: (Sharma et al., 2014)) 
Johannes Thal provided the first taxonomic characterization of Arabidopsis in the 16th 
century in Northern Germany. It has subsequently undergone numerous name changes, 
however it was eventually renamed in honor of Thal (Meyerowitz, 2001). Friedrich Laibach 
is generally considered the father of Arabidopsis research. Laibach’s seminal 1943 paper 
was the first to propose Arabidopsis as a model species, due to its short life cycle, fecundity, 
ease of crossing, and plausibility of generating mutants (Koornneef, 2013). 
The information, methodologies, and resources that have followed the extensive 
employment of Arabidopsis as an experimental model have rendered it the ideal species for 
rapid and precise gene discovery (Bevan & Walsh, 2004; Provart et al., 2016). The 
elucidation of the genetic basis of traits of interest in Arabidopsis can have important 
implications in terms of furthering basic biological understanding. Despite this, it is important 
to consider the impact gene discovery in Arabidopsis can have from a more applied 
perspective. To this end, the most obvious evaluation to make is that of the efficiency of 
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translating such research into the improvement of crop species. Due to their relatively recent 
divergence, the function of orthologous genes between Arabidopsis and Brassica crop 
species is often conserved. Indeed multiple studies have demonstrated that certain Brassica 
genes afford the same function as their respective Arabidopsis orthologs (Greco et al., 2012; 
Xu et al., 2014; Dong et al., 2016), thereby demonstrating the effectiveness of comparative 
genomics studies for Brassica crop improvement when based upon genes discovered for 
traits of interest in Arabidopsis. Additionally, it is worth noting that directly introducing 
Arabidopsis genes of known functionality into Brassica species via transgenic approaches, 
has been somewhat effective in terms of improving or introducing target traits of interest 
(Bechtold et al., 2013; Lannenpaa, 2014; Narusaka et al., 2014). 
As well as providing a crop improvement incentive, delineating the genetic basis of 
traits of interest in Arabidopsis has been vital for furthering our understanding of 
environmental adaptation and evolutionary biology (Reviewed in: Alonso-Blanco et al., 
2009). This of vital important in order to predict ecological trends under the context of global 
change  (Méndez-Vigo et al., 2011; Picó, 2012; Agren et al., 2013; Oakley et al., 2014; Wolfe 
& Tonsor, 2014; Brennan et al., 2014). Furthermore, genes that facilitate adaptation are often 
parallel to those that cause variation for traits that are important for agronomic objectives, 
such as freezing tolerance (Gery et al., 2011; Agren et al., 2013; Oakley et al., 2014) or 
resource use efficiency (Kobayashi & Koyama, 2002; Reymond et al., 2006; Vasseur et al., 
2014). 
1.1.3 Natural variation within Arabidopsis  
 Despite long standing interest in the natural variation of Arabidopsis, it was only in 
2002 that the first detailed biogeographical account of the species was completed 
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(Hoffmann, 2002). The present range of Arabidopsis is incredibly vast, with genetically and 
physiologically characterized populations existing as far west as Canada and as far east as 
Japan, as well as most places in-between. Arabidopsis is believed to have been introduced 
to North America from Eurasia somewhere between 150 and 200 years ago (Samis et al., 
2012). Although there are pockets of populations in the Southern Hemisphere, which are 
likely lab escapes or artificial introductions, Arabidopsis exists almost exclusively in the 
Northern Hemisphere. Here, it encompasses a broad latitudinal range that spreads well into 
the Arctic Circle and as far south as Northern Africa and the islands of Cape Verde 
(Hoffmann, 2002). 
 Due to its global distribution, the various populations of Arabidopsis that constitute 
the species are subject to differential abiotic and biotic perturbations. These populations are 
typically referred to as ecotypes and their names often, but not always, reflect their site of 
collection, for example Col-0 was collected in Columbia, Missouri. The environmental 
conditions that these populations have historically been subjected to have placed selective 
pressures on them to adapt. For this reason, genetic mutations that spontaneously arise and 
that confer a clear adaptive advantage to site specific and recurring conditions are 
maintained via natural selection. It is for this reason that we see such enormous biological 
variation between the ecotypes of Arabidopsis (Weigel, 2012). 
 Natural variation is present within all plant species and has been exploited since 
plants were first domesticated thousands of years ago (Alonso-Blanco et al., 2009). The 
majority of this variation is quantitative, as is the variation that exists for adaptation-related 
traits in Arabidopsis. It is termed quantitative because it is influenced by multiple genes, 
known as quantitative trait loci (QTLs). There are two primary methodologies through which 
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QTLs may be dissected, both of which are detailed later as part of this chapter. In brief, the 
first of these strategies is known as linkage disequilibrium mapping, or QTL mapping, and 
requires the development of a mapping population that segregates for the trait of interest. 
The success of QTL mapping was first demonstrated in crop-based studies (Paterson et al., 
1990), but its successful application using Arabidopsis shortly followed (Kowalski et al., 
1994). The second of these methodologies is association mapping, commonly referred to as 
genome-wide association studies (GWAS). First pioneered in Human genetic research 
(Tomfohrde et al., 1994), GWAS is employed to directly identify genetic polymorphisms that 
are precisely related to variation of interest (Atwell et al., 2010; Trontin et al., 2011; Horton 
et al., 2012). 
 Due to its importance for gene discovery, Arabidopsis natural variation is a hugely 
important resource for the plant science community. Despite this, the popularity and direct 
nature of performing gene discovery studies in Arabidopsis based on natural variation has 
raised concerns amongst evolutionary and functional ecologists. These concerns relate to 
the amount of variation identified genes underlying traits of interest actually control and also 
the knock-on effects manipulation of said genes has on other traits, primarily fitness related 
traits (Reviewed in: Tonsor et al., 2005). To this end it is worth noting the vast majority of 
Arabidopsis-based QTL and GWAS studies are based on phenotyping performed under 
strictly controlled environmental conditions, where the effect of QTLs or genes are not 
validated in natural or agronomic environments (E.g. Masle et al., 2005; Filiault & Maloof, 
2012; Gnan et al., 2014; Verslues et al., 2014; Morrison & Linder, 2014; van Rooijen et al., 
2015). Furthermore, and with respect to additional effects of identified loci, QTL underlying 
freezing tolerance and water use efficiency (WUE) have both recently been demonstrated to 
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show clear trade off interactions with reproductive performance in Arabidopsis (Agren et al., 
2013; Oakley et al., 2014; Mojica et al., 2016). These cautions highlight how the optimal 
iteration of available genetic variation may be desirable one year, depending on the trait of 
interest, but not the next year. In the same vain, it may be important in the presence of stress, 
but a hindrance in its absence (Bechtold et al., 2010; Alsdurf et al., 2013). For this reason, it 
is imperative that holistic approaches are employed in order to fully understand trait variation 
of interest; thereby ensuring relevant loci are elucidated upon genetic mapping. 
1.2 Water use in agriculture 
 Less than 5% of the total volume of water that occupies the surface area of the Earth 
is considered freshwater; as such the vast majority of water on Earth is not suitable for use 
by the agricultural sector. Furthermore, most freshwater is unobtainable since it is contained 
with glaciers and ice caps. Estimates suggest that we presently have access to less than 
30% of the total freshwater, either from lakes, rivers, or aquifers (Rijsberman & Mohammed, 
2003; Hess et al., 2014) 
The finite nature of freshwater resources has meant that large water withdrawals have 
had enormous environmental and ecological consequences. For example, abstractions from 
the Yellow River in China have resulted in regular instances of zero flow, where the river 
runs dry before reaching the sea. This has detrimentally impacted upon both estuarine and 
costal ecosystems (Cong et al., 2009). The need to address this and other related concerns 
has been recognized by the Chinese government, who have set a 20% reduction target for 
nationwide agricultural water use by 2020 (Morison et al., 2008). However, given the 
importance of this river and other freshwater resource for supporting agriculture in China, it 
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is vital that any reductions in water use do not penalize food security. This is a concern that 
humanity has regularly been made aware of due to disastrous experiences in the past. There 
are numerous historical instances where the strong positive relationship between water 
availability and food production has been hugely damaging to civilizations (Reviewed in: 
Lamb et al., 1995)), for example it is now clear that the fall of the Roman Empire was to a 
large degree a result of poor grain yields following short-term climate variability and 
concurrent low freshwater availability (Dermody et al., 2014). Centuries on, we are still all 
too familiar with this relationship as evident from the simultaneous rates of drought and 
famine in Eastern and Central Africa (Morison et al., 2008). 
  Current rates of abstraction of freshwater are unsustainable and will likely yield 
continued societal and environmental impacts (Rijsberman & Mohammed, 2003). Improving 
our ability to extract further sources of water would only serve as a short-term fix and would 
likely amplify the problem in the future, especially given projected global population 
increases (Cohen, 2003) and the increasing threat of climatic incidences of drought in the 
future (Patz et al., 2014; Ray et al., 2015). As our population size continues to grow, there 
will be increasing demands for water from the municipal and industrial sectors as well as 
from agriculture. These demands will be even greater as developing countries continue to 
seek improved quality of life for their citizens. In order to achieve both water use sustainability 
and food security, it is vital that we begin to increase the efficiency of water use within 
agricultural systems. This is an essential priority for regions where freshwater is in scarce 
supply and where anthropogenic climate change is set to exasperate the problem, however 
it should unquestionably be treated as a global problem. Parry et al., (2005) succinctly 
describes how this problem must be addressed through a dynamic approach where 
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expertise in agronomy, engineering, crop breeding, plant physiology, genetics, and 
molecular biology are harnessed in a cooperative fashion and are combined to improve both 
crop and soil management and to develop new crop varieties through breeding and 
biotechnology.   
 Agriculture is enormously dependent on consistent and reliable supplies of water for 
crop production. Despite the imperative nature of water, it has been estimated that 
approximately 90% of the water required by many crops is not biochemically harnessed for 
growth or productivity (Morison et al., 2008). That is not to say that the ~90% that is not 
employed for carbon fixation is wasted, since it is still important for other processes, such as 
canopy cooling (Kim et al., 2006). Instead it suggests that there is room for improvement in 
terms of advancing the economy of water use in agriculture. Alongside improvements to 
general agronomic practice, the development of elite crop varieties that are able to produce 
improved and stabilized yields with reduced water inputs is a clear avenue through which 
this target may be reached. Achieving this goal will require cooperation between scientists 
working at the molecular and whole-plant level, as well from crop physiologists and breeders 
(Parry et al., 2005; Morison et al., 2008). 
1.3 Assessing plant performance under the context of reduced water 
availability 
1.3.1 Plant water use 
 Photosynthesis necessitates the exchange of water for carbon dioxide in order to 
synthesize sugars, which are essential for growth via the process of respiration. It is in this 
manner through which water is most commonly associated as a limiting factor of growth and 
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productivity (Passioura, 2010). Additionally, the pivotal role water plays in the maintenance 
of turgor pressure is also a means through which it is considered a limiting factor. This is due 
to turgor pressure controlling multiple growth and productivity dependent processes such as 
stomatal opening, phloem transport, and cell elongation (Pritchard, 2001). In order to 
appropriately understand how reduced water availability impacts upon plant growth and 
productivity, and consequently identify the most efficacious target traits for gene discovery, 
it is important to first briefly consider water movement through plants. 
 The morphology of plants reflects their need to obtain and transport water, whilst also 
balancing the loss of this water in exchange for the absorption of carbon dioxide for 
photosynthesis. This is demonstrated by exploratory roots systems which facilitate the 
abstraction of soil water, by xylem vessels which have virtually no resistance and thus permit 
the translocation of abstracted water, and by stomatal apertures which enable the 
evaporation of water out of photosynthetically active leaves in exchange for carbon dioxide 
(Kramer & Boyer, 1995). Plants rely on physical forces for the transport of water from roots 
to the atmosphere, thereby circumventing the need for active energy expenditure. However, 
associated processes, such as the development and maintenance of morphological 
structures necessary for water movement, do require a source of energy. The well 
characterized mechanisms of diffusion, bulk flow, and osmosis combine to achieve the 
movement of water through the plant, and represent an organismal process that is analogous 
to a continuous hydraulic system (Steudle, 2000).  
 The above-described hydraulic system connects the water surrounding the root 
system with the atmospheric water vapor surrounding the leaves. The loss of water from the 
leaves via transpiration through stomata is regulated by guard cells, which function to adjust 
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the size of stomatal apertures. This adjustment is driven by the photosynthetic demand for 
carbon dioxide and is achieved via the active regulation of guard cell turgidity (Vatén & 
Bergmann, 2012). As water evaporates out of the leaves via stomatal apertures from 
mesophyll cell walls, negative pressures are generated within the apoplasitc water. These 
pressures are transmitted through the continuous hydraulic system to draw further water up 
through the xylem, which is replaced by further soil water via root absorption (Kim et al., 
2014). If there is not enough soil water available to keep up with photosynthetic demand, 
plants must elicit appropriate responses, these are described in the preceding sub-chapter.  
1.3.2 Plant responses to drought stress 
One of the fundamental issues with assessing the response of plants to drought stress 
is the definition and significance of drought itself. For example, a farmer is likely to consider 
drought stress in terms of growing seasons, and will be concerned with how yield is limited 
by water availability. Conversely, a molecular physiologist may be more interested in 
transcriptome changes of plants that are not watered for a few days compared to those that 
are (Passioura, 2004). These sorts of disparities in timescales, interests, and target goals 
are likely the crux of the relative lack of cooperation between crop breeders and plant 
scientists. However, this deficiency in collaboration does not necessarily reflect a lack of 
usefulness in basic plant science research, rather it hints at the necessity to ensure that 
studies of the response of plants to drought simulate conditions that ensue in the field. This 
will help to ensure that traits that are measured and/or genes that are discovered can 
contribute to improved agronomic performance (Parry et al., 2005; Morison et al., 2008).  
For the purposes of this discussion, drought is referred to as a situation where a soil-
water deficit exists, which consequently causes a plant-water deficit (Kramer & Boyer, 1995). 
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Plant drought responses are dependent on multiple factors, such as the intensity of the soil-
water deficit, the length of time for which a deficit exists, and the plant developmental stage 
at which the deficit occurs and/or persists (Chaves et al., 2009). Regardless of these 
dependent variables, it is stomatal activity that is predominantly affected by drought stress 
(Osakabe et al., 2014) When a soil-water deficit exists the previously described continuous 
hydraulic system is disrupted, since water lost through transpiration will not be replaced (Kim 
et al., 2014). In response to such deficits, the turgor pressure of guard cells is actively 
reduced so that stomatal apertures close to reduce transpiration (Osakabe et al., 2014; Dodd 
& Ryan, 2016) This reaction allows for the maintenance of turgor pressure, which is essential 
for multiple processes underlying growth and productivity (Pritchard, 2001).  
The maintenance of plant water status through a reduction in stomatal conductance 
results in a very important trade-off, where the amount of CO2 that can be obtained is 
diminished, which in turn reduces the rate of photosynthetic assimilation. If photosynthesis 
is constrained for long enough, growth and productivity will eventually be impacted upon 
(Chaves et al., 2009; Osakabe et al., 2014; Dodd & Ryan, 2016). Moreover, if drought-
induced stomatal closure co-occurs with sustained periods of elevated irradiance, leaves will 
be subject to elevated levels of incident energy compared to the CO2 available for 
photosynthetic assimilation, which can lead to photoinhibition (He et al., 1996; Demmig-
Adams & Adams, 2006; Chaves et al., 2009).     
In general, drought-induced reductions in stomatal conductance are facilitated by 
associated regulatory events, which involve abscisic acid (ABA) signaling and ion transport. 
Ion transport systems function to adjust turgor pressure in guard cells, which in turn open 
(ion influx) and close stomata (ion efflux). Adjustments in ion transport systems that facilitate 
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ion effluxes are a result of a cascade of physiological changes that are typically triggered by 
the rapid production of endogenous ABA upon the detection of drought (Pinheiro & Chaves, 
2011; Osakabe et al., 2014).  
With respect to Arabidopsis, we presently have a good understanding of the molecular 
mechanisms and signaling pathways that underlie the above described physiological 
responses to drought stress. For example, the 9-cis-epoxycarotenoid dioxygenase (NCED3) 
gene is rapidly induced by drought stress and is involved in ABA biosynthesis in a vascular 
tissue-specific manner (Jensen et al., 2013). Synthesized ABA is transported to guard cells 
via passive diffusion and by specific transporters, such as those belong to the localized ABC 
transporter family (Kang et al., 2011) The accumulation of ABA induces pathways that 
produce reactive oxygen species (ROS), which in turn increase the concentration of cytosolic 
Ca2+ ions (Kwak et al., 2003). This activates anion channels and the associated anion efflux 
depolarizes the plasma membrane, which reduces the activity of inward K+ channels, but 
increases that of outward K+ channels, such as GUARD CELL OUTWARD RECTIFYING K+ 
CHANNEL (GORK;  (Hosy et al., 2003)). The efflux of anions and K+ from guard cells 
reduces their turgor, thereby inducing stomatal closure and preventing water loss via 
transpiration (Osakabe et al., 2013). 
1.3.3 Drought resistance 
Plant performance under the context of reduced water availability has traditionally 
been assessed under the context of drought resistance. Assessing plant performance in this 
manner is complex due to the disparity that exists amongst different practitioners with 
respect to what drought is and why it is important (Passioura, 2004). Further convolution 
exists here due to the constantly evolving definition of drought resistance, however multiple 
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prominent figures concerned with understanding plant performance under the context of 
reduced water availability have called for the adoption of Jacob Levitt’s original explanation 
of drought resistance (Blum, 2005, 2009; Morison et al., 2008; Juenger, 2013). Levit (1972) 
defines drought resistance as the ability of a plant to resist drought through dehydration 
avoidance (drought avoidance) or desiccation tolerance (drought tolerance), both of which 
are described in brief below.  
1.3.3.1 Drought avoidance 
Drought avoidance is an umbrella term that defines mechanisms that facilitate the 
ability of a plant to maintain water status, i.e. turgor pressure, or cellular hydration during a 
period of reduced water availability (Blum, 2005). As previously described, the maintenance 
of water status facilitates the continuation of photosynthetic dependent processes, such as 
growth and productivity, albeit it a reduced rate compared to optimal conditions. In general, 
plants achieve dehydration avoidance by enhancing their ability to capture soil moisture, by 
reducing water loss, and by osmotic adjustment (Blum, 2005; Dodd & Ryan, 2016).  
Variation in root systems almost exclusively defines variation in the ability to capture 
soil water. In general, long and more expansive root systems are able to penetrate deeper 
and gain access to a greater volume of soil water (Blum, 2005; Zhan et al., 2015). Despite 
the initial attractiveness of utilizing deep root systems as a target trait for crop improvement, 
there are certain agronomic settings where root length is irrelevant or even productivity 
limiting (Reviewed in: Lynch, 2015). For example, cereal varieties that have root types that 
would normally grow deeper, i.e. those possessing crown roots, are often not able to 
penetrate through dry top soil; as such shallower root types are preferred here and often 
grow deeper (Asseng et al., 1998). Furthermore, there is also evidence to suggest that a 
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trade off with reproductive biomass accumulation can occur when diverting resources toward 
root growth (Maire et al., 2009). Additionally, the acquisition of key nutrients, such as 
phosphorous, is massively reduced with deeper roots as they tend to exist in shallower soils 
(Ge et al., 2000; Bishopp & Lynch, 2015). Deep root systems can undoubtedly improve 
drought avoidance, given appropriate soil conditions; however, this can have important 
consequences for above-ground biomass accumulation. 
As well as being achieved by improved acquisition of water, elevated drought 
avoidance may also be achieved by reducing water use. Reduced drought avoidance in this 
sense is predominantly achieved through restraining stomatal conductance (Pinheiro & 
Chaves, 2011). Variation in water use is also a factor of variation in associated morphological 
structures (Blum, 2005, 2009). For example, only a very small proportion of the net radiation 
that loads onto plants is actually used to facilitate photosynthesis, with excess radiation 
increasing plant temperature. This in turn requires plant cooling via transpiration (Kim et al., 
2006). It is possible for plants to reduce water expenditure for cooling purpose by increasing 
plant albedo, which is the general term for describing the spectral reflectance capability of 
plants, or more commonly crop canopies (Singarayer et al., 2009). Numerous surface-based 
structures enable albedo, with the most effective for reflection of un-harnessable radiation 
being epicuticular wax and plant glaucousness (Holmes & Keiller, 2002). Water use can also 
be curbed via reductions in plant size and leaf area. Reductions in total size and in leaf areas 
are often associated with smaller leaves, early flowering, and reduced tillering in cereal 
species, which are not necessarily desirable agronomic characteristics, but do improve 
drought avoidance nonetheless (Mitchell et al., 1998; Blum, 2005).  
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Plants may also achieve drought avoidance through osmotic adjustment, which is a 
term to describe the cellular uptake of water in order to recover turgor pressure. If a soil-
water deficit is severe enough to disrupt plant-water relations, there will be a substantial 
decrease in the extracellular water potential. This means water within cells will leave via 
osmosis, thus turgor pressure and all the processes that rely on it will be disrupted (Buckley, 
2005). Osmotic adjustment can help to alleviate this disruption by allowing for the 
intracellular accumulation of solutes, mainly proline and sugars, called osmolytes. Crucially, 
these solutes reduce intracellular water potential, so that water refluxes into the cell and 
turgor pressure is readjusted (Pritchard, 2001; Dodd & Ryan, 2016).. There have been no 
documented cases of yield penalties existing due to increased osmotic adjustment 
capabilities (Morgan, 2000; Chimenti et al., 2002; Moinuddin & Khanna-Chopra, 2004). For 
this reason, it could be argued that improving drought avoidance through osmotic adjustment 
may be the most efficacious manner through which to improve drought resistance in crops. 
1.3.3.2 Drought tolerance  
 Drought resistance may also be achieved through desiccation tolerance, i.e. drought 
tolerance. Drought tolerance is the capacity of a plant to sustain vital plant functions whilst 
in a completely dehydrated, seemingly dormant state (Blum, 2005). Apart from its importance 
for seed storage  (Blum, 2005; Dekkers et al., 2015), drought tolerance in its most commonly 
associated term is somewhat impractical as a target trait for crop improvement, indeed I can 
find no evidence of its successful application in an agronomic setting. To this end, it appears 
that crop plant species do not retain their drought tolerance capacities post-germination 
(Blum, 2005). 
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It is perhaps from an ecological standpoint that drought tolerance is most important, 
since it enables a number of plant species to persist in extreme environments and to survive 
extend periods of serve drought (Gechev et al., 2012). For example, the desert annual 
Anastatica hierochuntica is a prime example of species capable of demonstrating drought 
tolerance. Commonly referred to as the Rose of Jericho, A. hierochuntica drops all leaves at 
the onset of the dry season in its native North African range, it then proceeds to curl into a 
tight ball. Within the ball, the fruits remain attached and protected, thereby preventing the 
premature dispersal of seeds (Hegazy et al., 2006). Species that demonstrate this sort of 
extreme drought tolerance are typically referred to as resurrection plants. There has been a 
movement within plant research to try and understand the molecular basis of drought 
tolerance, with the overarching aim being to translate this into crop species; however, no 
tangible gains appear to have been made thus far (Farrant et al., 2015). 
An extensive literature review conducted by Abraham Blum (Available at: 
http://www.plantstress.com/File/Abiotic-stress_gene.htm) suggests that both breeding and 
natural selection for drought resistance has favored avoidance when adapting plants to 
recurrent periods of soil-water deficits. The predominant concessions to this are desiccation 
tolerance in seeds and resurrection plants. Despite this, a number of studies have 
demonstrated substantial variation in cereals with respect to the ability to utilize vegetative 
carbon stores for grain filling during drought stress (Reviewed in: Yang & Zhang, 2006), 
which is a phenomenon that is often considered an aspect of drought tolerance (Asseng et 
al., 1998; Blum, 2005). Undoubtedly, the capacity to rely on vegetative carbohydrate stores 
for grain filling when rates of photosynthetic assimilation are disrupted due to drought stress 
is an effective means of supporting yield. Furthermore, it is understandable as to why it might 
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be considered an avenue for achieving agronomically relevant drought tolerance in crops, 
because it allows for the stabilization of reproductive biomass accumulation whilst under a 
dehydrated state (Blum, 2005, 2009). 
1.3.4 Water use efficiency  
 Assessments of drought resistance tend to provide information relating to the ability 
of a plant to survive a period of drought stress. From an ecological perspective this is of great 
importance, because if a plant does not complete its life cycle it will not reproduce 
(Passioura, 2004). In the same vein, if a crop plant does not survive a period of drought 
stress it will not produce any harvestable yield. Conversely, a crop plant that is able to survive 
a period of drought stress is not guaranteed to produce yields that are close to maximal 
potential yields, indeed this rarely the case (Passioura, 2004; Blum, 2005, 2009).  
Since drought resistance does not provide any indication of the eventual reproductive 
performance of a plant, many research groups choose to focus on the idea of WUE, since it 
takes photosynthetic performance or biomass accumulation into consideration (Vadez et al., 
2014). Like drought resistance and drought itself, WUE is a term whose definition and 
importance is varied. Fundamentally, WUE either assesses the ratio between transpiration 
and photosynthetic assimilation or between biomass (whole or harvestable yield) and water 
use (evapotranspiration or supplied water). For the purposes of this discussion, I will focus 
primarily on the ratio of the two physiological entities, i.e. transpiration (T) and assimilation 
(A), which receive far more research attention in the Arabidopsis community than the ratio 
of water use and biomass. WUE in this sense is typically measured using infra-red gas 
exchange analysis as leaf-level instantaneous WUE (iWUE), which is described as the ratio 
of carbon assimilated through carbon fixation to water lost through transpiration (Penman & 
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Schofield, 1951). Stomatal conductance (gs) is also commonly employed as the denominator 
for iWUE, however since gs and T are tightly linked, iWUE calculated using either is 
appropriate and produce strongly correlated estimates of WUE. iWUE is typically assessed 
by measuring gas exchange on a single leaf, however it is worth noting that platforms for 
assessing whole-plant gas exchange are starting to be developed (Easlon et al., 2014). Such 
platforms should facilitate the estimation of more accurate measures of iWUE, given the 
heterogeneous nature of gas exchange rates over the surface of individual leaves and 
therefore the whole plant (Seemann et al., 1987; Nardini et al., 2008). 
WUE is also commonly assessed as the ratio of naturally occurring carbon isotopes 
in plant tissues. This assessment of WUE is typically termed delta13C (Δ13C or δ13C) and 
was first described by Farquhar et al., (1982). δ13C provides an integrated assessment of 
WUE over the lifetime of a plant, because the RuBisCo enzyme, which is essential for 
catalyzing carbon fixation, discriminates against the heavier C13 isotope, showing preference 
for the lighter C12 isotope. However, under drought conditions this discrimination typically 
recedes as plants are pressed into using both isotopic variants to meet photosynthetic 
demands, therefore δ13C becomes less negative under drought and it those plants with the 
least negative values that are the most water use efficient (Farquhar et al., 1982; Araus et 
al., 2002). It has recently been demonstrated that WUE can also be instantaneously 
assessed by combining chlorophyll fluorescence imaging and thermal imaging (McAusland 
et al., 2013). The distinct advantage of assessing WUE through the combined imaging 
approach is that it is possible to perform dynamic measurements under changing 
environmental conditions. 
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Both iWUE and δ13C allow for a measure of the maintenance of photosynthesis under 
the context of the stomatal regulation of water loss. Since photosynthesis likely defines a 
substantial proportion of the variation that exists for growth and productivity, advances 
toward understanding the molecular and physiological basis of variation for WUE (Condon 
et al., 2004) has facilitated a more improved understanding of plant performance under the 
context of reduced water availability. This is especially true since drought resistance does 
not relate to growth or productivity (Skirycz et al., 2011). Despite the variable subjective 
meaning of drought resistance and WUE, the two terms are often used interchangeably 
(Blum, 2009). To this end, the associations between drought resistance, WUE, water use, 
and biomass accumulation have been explored to certain degree in numerous plant species, 
however the results have been striking in their inconsistency and appear to hugely 
dependent on environmental conditions (Condon et al., 2004; Blum, 2009). 
Many studies have assessed the relationship between WUE, predominately assessed 
via δ13C, and grain yield in field-grown cereal species (See Condon et al., (2004) for a 
comprehensive list). The results of these projects have been considerably variable. 
However, for the most part it appears the association between WUE and yield is neutral, 
suggesting WUE is not a suitable proxy for productivity across multiple environments 
(Condon et al., 1987, 1993; Fishcer et al., 1998; Voltas et al., 1999; Merah et al., 2001; Royo 
et al., 2002). Within the Arabidopsis research community, there are a number of researchers 
focusing almost exclusively on δ13C as an assessment of plant performance under drought 
stress (E.g. (McKay et al., 2003; Juenger & Mckay, 2005; Masle et al., 2005; Kenney et al., 
2014). These researchers frequently highlight the isolated example of the Drysdale wheat 
cultivar and the improved yield it delivers given reduced water availability (Rebetzke et al., 
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2002). Drysdale does indeed achieve marginally improved yield performances under drought 
and was developed following selection for improved WUE, measured as δ13C, under well-
watered conditions. However, this particular and well cited study highlights the extensive 
efforts necessary to achieve only marginal yield gains under drought. Additionally, it should 
be noted that measuring δ13C under well-watered conditions does not provide an accurate 
measure of WUE, since there will be no reduction in the enzymatic discrimination of C13. In 
general, the association between WUE and yield accumulation is unsubstantiated and 
appears to be very much dependent on the environment and crop in question (Blum, 2009). 
There is some evidence to suggest that plants that have deep root systems, and thus 
achieve elevated drought avoidance, have comparatively low WUE (Kobata et al., 1996; 
Pinheiro & Chaves, 2011). These same plants often demonstrate elevated levels of biomass 
accumulation, suggesting that achievement of improved aboveground biomass under 
drought stress is to some extent facilitated through the maintenance of transpiration and not 
via improved WUE (Zhang et al., 1997; Tolk & Howell, 2003). This suggestion is in 
concurrence with the mounting evidence that suggests that alterations to WUE are 
predominantly a result of changes to the denominator, that is to say improvements to WUE 
are achieved via reducing water use, T, and Gs, not by improving A or biomass accumulation 
(Menendez & Hall, 1995; Blum, 2005; Juenger & Mckay, 2005; Easlon et al., 2014). As such, 
it is unsurprising that selection for high WUE under drought has produced crop variants that 
have traits associated with reduced water use, e.g. smaller leaf areas and early flowering 
(White et al., 1990; Ngugi et al., 1994; Menendez & Hall, 1995; Sayre et al., 1995; Martin et 
al., 1999).  
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1.3.5 Water productivity  
 Steduto et al., (2007) describes how the exchange of water lost via transpiration for 
the assimilation of carbon dioxide is the most fundamental step in water use for crop 
production. The net carbon gain achieved via this exchange is likely of huge importance for 
determining the production of biomass (Long et al., 2015), thus the popularity of measuring 
WUE. However, for the majority of commercially cultivated crop species, harvested yield is 
only a portion of this total biomass (FAO, 2016). Measures of total biomass or yield produced 
in relation to water use are typically assessed as the ratio of dry biomass to 
evapotranspiration (ET; Bernacchi et al., 2007; Qiao et al., 2014), where ET is the sum of 
transpiration and evaporation from soil. This reflects the idea of water productivity as first 
outlined by Passioura (2004). Water productivity is defined to this end as the amount of crop 
yield produced per volume of water supplied, typically quantified in units of kg m-3 mm-1. The 
review and meta-analysis of Steduto et al., (2007) builds upon the ideas first detailed by 
Passioura (2004) and argues that the efficiency of water use by crops would be more 
relevant for variable environmental conditions if water productivity were defined and 
measured as the amount of crop yield produced per unit of water used by the plant or plants. 
This newer definition of water productivity is specifically focused with the water demands of 
the plant or plants as opposed to the agricultural and/or environmental system because it 
defines water use as transpiration rather than evapotranspiration (Steduto et al., 2007). 
Consequently, improvements in plant water use in relation to biomass production are more 
likely to be achieved via focusing on the later definition of water productivity, since it is 
concerned with plant-level not system-level water use. 
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 With respect to Arabidopsis, very few studies have attempted to determine water 
productivity and its phenotypic or genetic basis (Bechtold et al., 2010, 2013). This is 
presumably due to the relatively complex nature of manually phenotyping such a trait. Of 
these studies, Bechtold et al (2010) was the first to begin to characterize the natural variation 
that exists for this trait in Arabidopsis. This study demonstrated that there is substantial 
variation for water use and water productivity between four of the most common 
experimentally employed ecotypes, namely Col-0, C24, Ws-0, and Ws-2, at two consistent 
relative soil water contents (rSWCs). Additionally, this was the first Arabidopsis-based study 
to determine a protocol whereby water productivity can be precisely measured.  
 The idea of WUE and the research that has incorporated it as a trait of interest has 
built upon our understanding of plant performance under the context of drought stress 
(Kooyers, 2015). This has been of particular interest in recent times due to the evidence that 
suggests a lack of relationship between drought resistance and growth (Skirycz et al., 2011; 
Ollas & Dodd, 2016). However, only a portion of photosynthetic assimilates are translocated 
to reproductive sinks (Nunes-Nesi et al., 2016), which likely explains the neutral relationship 
between WUE and reproductive performance (Condon et al., 2004). It is very plausible that 
the idea of water productivity can build upon WUE-based studies, in a similar manner the 
later has progressed prior research into plant performance under the context of reduced 
water inputs. There are no documented instances of water productivity as a target trait for 
assessment in crop species, although some previous research has assessed yield as a ratio 
of ET (Bernacchi et al., 2007; Qiao et al., 2014). Research to this end could help to determine 
the importance of water productivity and elucidate the mechanisms that underlie any 
variation. In Arabidopsis, we have a basic understanding of the biological basis of water 
 
 
22 
 
productivity, however this understanding has provided evidence to suggest it is a highly 
relevant trait to measure (Bechtold et al., 2010). Future Arabidopsis-based studies should 
aim to determine the usefulness of proxy traits, such as photosynthesis, WUE, flowering 
time, and vegetative biomass for predicting water productivity. Furthermore, incorporating 
more genotypically distinct lines may facilitate the use of forward genetic methodologies to 
determine the genetic basis of water productivity.        
1.4 Using forward genetics to elucidate the genetic basis of natural 
variation 
 Improving the sustainability of agricultural production in the face of climate change 
and population growth is one of the greatest challenges of modern times. I have described 
how a comprehensive understanding of the physiological basis of improved water use is of 
utmost importance for improving economy of water use in agriculture. Beyond this, 
understanding the genetic basis of traits that underlie variation for economy of water use will 
facilitate the development of crops that help to address the challenge of agricultural 
sustainability (Blum, 2009). Information pertaining to genetic loci that define this variation 
can be harnessed for crop improvement via biotechnological approaches, e.g. through 
marker assisted selection (He et al., 2014) or through the development of genetically 
modified crops (Hiwasa-Tanase & Ezura, 2016). Dissecting the genetic basis of variation of 
interest is achieved through forward genetics. QTL mapping and GWAS are two of the most 
utilized forward genetics methodologies and both are employed in this present study. The 
use of QTL mapping and GWAS are described in the two following sub-sections.  
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1.4.1 Linkage mapping 
  The methodological pathway to successful QTL mapping is now well established and 
has been succinctly reviewed multiple times (Semagn et al., 2006; Cooper et al., 2009; 
Zhang & Gai, 2009; El-Soda et al., 2014; Wijnen & Keurentjes, 2014). Although specific 
variations do exist, the general pathway required for successful QTL mapping can be divided 
into six fundamental steps as follows: 
1. Appropriate parental lines that demonstrate significant differences in the trait of 
interest are selected. 
2. Parental lines are crossed to produce the F1 generation. Desired mapping 
population developed through appropriate rounds of crossing and/or selfing.  
3. Assessment of variation for trait of interest in the mapping population. 
4. Genotyping of mapping population using molecular markers that are polymorphic 
between the two parental lines. Molecular makers must be uniformly distributed 
across the genome and provide adequate coverage. 
5. Generation of linkage map based on genotypic data. 
6. Combine phenotypic and genotypic data with linkage map to perform statistical 
analyses to detect QTL by assessing which markers and pseudo-markers are 
linked to the assessed variation. 
1.4.1.1 Mapping Populations  
There are several different types of mapping populations, which each have specific 
advantages and disadvantages, all of which are very well reviewed by both Zou (2009) and 
Würschum (2012). The simplest populations to develop are F2 and backcross (BC) 
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populations, since they only require two rounds of selfing or crossing. Therefore, it is possible 
to rapidly progress through to genotyping, phenotyping, and QTL detection, which is 
especially important for species with extended generation times. However, these population 
types are characterized by substantial heterozygosity, which limits the ability to perform 
multiple rounds of phenotyping or genotyping with new markers. Double haploid lines (DHLs) 
and recombinant inbred lines (RILs) are popular population types that alleviate this problem 
since they represent true-breeding, homozygous, lines. These populations are somewhat 
more demanding in terms of development however, with DHLs requiring diploidization of 
pollen through tissue culture and RILs typically needing seven rounds of single seed descent 
to achieve ~100% homozygosity.  
One of the fundamental issues with bi-parental mapping populations is the limited 
degree of variation they represent. When developing such a population, parental lines are 
typically selected based on one particular trait, e.g. drought resistance. Consequently, such 
populations are not necessarily suitable for dissecting the genomic location of QTLs for 
additional traits, e.g. disease resistance. Multiple groups have tried to address this 
population by developing QTL mapping populations that are derived from multiple parental 
lines. In Arabidopsis, two such populations have been developed: the multiple advanced 
generation intercross population (MAGIC; Kover et al., (2009)) and the Arabidopsis 
multiparent RIL population (AMPRIL; Huang et al., (2011)). The MAGIC population is more 
comprehensive then the AMPRIL population in the sense that it incorporates more 
recombination events across the population, however this is a trade off since the founders 
are less represented in each individual line. The detection of QTL in these populations is 
more complex than with traditional bi-parental populations and is explained in the associated 
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citations; however as with traditional QTL mapping it is possible to ascertain local founder 
genotypes. Additionally, it is worth noting that these population types are an advance upon 
bi-parental populations, and indeed GWAS population sets, in the sense that individual lines 
represent allelic combinations that are highly unlikely to exist in the wild (Weigel, 2012). 
1.4.1.2 Detecting QTLs  
 Once a population has been genotyped a linkage map can be created. The linkage 
map acts as a road map for the mapping population and spaces the molecular markers 
according to genetic distances, which are estimated from recombination frequencies. The 
genotypic data and linkage map can be combined with phenotypic data to scan for QTLs 
underlying the variance of interest using specific statistical analyses.  
 As with the mapping population types, there are numerous methods of QTL detection 
which range from single marker analysis, which involves marker-by-marker t-tests, to 
relatively complex multiple QTL mapping (MQM), which involves data augmentation and 
movement of QTLs along sliding windows in order to select the QTL model that explains the 
most variation (Arends et al., 2010). For the most part, the most commonly employed 
methods of QTL detection through linkage mapping are simple interval mapping (SIM) and 
composite interval mapping (CIM). SIM improves upon single marker analyses by scanning 
for QTLs at pseudo-markers, which reside between actual markers at user-defined intervals, 
typically every 2cM. The significance of SIM QTL models is testable via regression testing, 
which is analogous to the single-marker method in that phenotypes are regressed on QTL 
models to test goodness of fit (Arends et al., 2010). It is also possible to test model 
significance via maximum likelihood, however this has long been perceived to be 
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unnecessarily complex and often computationally slow (Haley & Knott, 1992; Arends et al., 
2010). 
1.4.1.2 QTL mapping for drought resistance and WUE 
QTL mapping has been consistently employed by crop scientists and breeders as 
means of identifying genes underlying variation for drought resistance and WUE (Section 
1.3.4). The first published instance QTL mapping for drought resistance is the study of 
(Quarrie et al., 1997), where QTL for ABA accumulation in rice leaves were mapped using 
an F2 population derived from drought resistant and susceptible genotypes. Subsequently 
there have been hundreds of drought resistance mapping studies in multiple crop species, 
such as wheat (Bennett et al., 2012; Christopher et al., 2013; Zhang et al., 2013; Yang et al., 
2016), barley (Honsdorf et al., 2014; Wehner et al., 2015), oilseed (Fletcher et al., 2016), 
potato (Anithakumari et al., 2012), and tomato (Foolad et al., 2003; Arms et al., 2015).  
WUE is a more recent concept than drought resistance; additionally it is often a more 
complex trait to phenotype accurately. Consequently, WUE has received less attention from 
those interested in dissecting the genetic location of QTLs underlying crop performance 
under the context of water stress. Thumma et al (2001) were the first to publish an account 
of successful QTL mapping for WUE, where they identified multiple QTL underlying WUE 
measured as δ13C in the forage legume Stylosanthes. As with drought resistance, there have 
latterly been many more studies delineating genetic regions associated with WUE in crops 
through QTL mapping (Chen et al., 2012; Aprile et al., 2013; Adiredjo et al., 2014; Marguerit 
et al., 2014; Kaminski et al., 2015).  
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Arabidopsis has served as a highly useful model for QTL mapping for drought 
resistance and WUE. Indeed, multiple specific genes have been elucidated as responsible 
for many of these important QTL (Lefebvre et al., 2009; Kooyers, 2015). Furthermore, the 
contribution of these QTL to adaptive plasticity has also been achieved through reciprocal 
transplant experiments (Mojica et al., 2016) and through testing different watering regimes 
(El-Soda et al., 2014). 
1.4.2  GWAS  
 QTL mapping using bi-parental mapping populations can be limited in terms of allelic 
diversity and genomic resolution (Borevitz & Nordborg, 2003). GWAS alleviates these 
restrictions by providing gene-level resolution and by using populations in which commonly 
occurring genotypic variation can be linked to phenotypic variation. The continually falling 
cost of whole-genome sequencing and high-density genotyping with single nucleotide 
polymorphism (SNP) markers has spearheaded the use of GWAS in human disease based 
studies over the past decade (Ngeow & Eng, 2015). The plant research community is 
following this lead and taking advantage of these increasingly affordable resources, 
consequently GWAS is fast becoming the method of choice for forward genetic studies in 
plants (Brachi et al., 2011; Huang & Han, 2014). 
 GWAS differs from traditional QTL mapping based on bi-parental populations in the 
sense that it uses individual representatives of multiple naturally occurring populations 
and/or accessions, often termed cohorts. Like QTL mapping, the fundamental aspects of 
GWAS have now been well reviewed (Hayes, 2013; Gupta et al., 2014; Ogura & Busch, 
2015). At the most basic level, GWAS are carried out using single-locus tests to identify 
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associations between polymorphisms and traits of interest using one-way analysis of 
variance (ANOVA) testing. Since GWAS is based on multiple populations/cohorts, this 
statistical approach can yield false positive results that arise due to population structure. 
Multiple methods have been proposed and successfully implemented to control for inflations 
of test statistics that arise due to population structure (Reviewed in: Hayes, 2013). With 
respect to plant-based research, the most popular of these is the efficient mixed-model 
association (EMMA) statistical test developed by Kang et al (2008). EMMA applies mixed 
models which correct for both population structure and genetic relatedness using kinship 
matrices (Kang et al., 2008). 
Traditional GWAS tests, including EMMA, are based on single-locus testing. 
However, when working with complex traits that are controlled by many large-effect loci, 
such approaches have been described as inappropriate and may lead to inflation of test 
statistics, even if there is no population structure effect (Atwell et al., 2010). Segura et al., 
(2012) proposed the use of models that incorporate multiple markers as cofactors in order 
to address this statistical inflation effect. Their multi-locus mixed model approach (MLMM) 
to GWAS is much like CIM, however they argue that the case for using cofactors when 
performing GWAS is even greater than it is for linkage mapping, since the confounding 
effects of background loci may be present across the entire genome as opposed to only 
locally (Platt et al., 2010; Segura et al., 2012). The MLMM approach to GWAS has been 
successfully employed to precisely map metabolic genes in Humans (Segura et al., 2012), 
as well as flowering time and sodium accumulation genes in Arabidopsis (Segura et al., 
2012), and loci associated with metabolite accumulation in Tomato (Sauvage et al., 2014).         
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1.4.2.1  GWAS for drought resistance and WUE 
 The increased utilization of whole genome sequencing and high-density genotyping 
has seen an explosion of GWAS studies in crop species, many of which have focused on 
drought resistance and WUE related traits. Hao et al., (2011) was the first to publish the 
implementation of GWAS in crops, with their study that identified polymorphisms associated 
with drought tolerance in maize. GWAS has since been implemented in multiple studies to 
identify the genetic basis of drought resistance; e.g. deep root systems in rice (Courtois et 
al., (2013) and induced early flowering in rapeseed (Wang et al., 2016). There has only been 
one published instance so far of the use of association mapping to dissect polymorphisms 
related to WUE. Dhanapal et al., (2015) used δ13C as physical marker of WUE in soybean 
and identified multiple polymorphic loci associated with variation for δ13C in a diverse set of 
soybean genotypes. 
 With specific reference to Arabidopsis, GWAS has thus far been twice utilized to 
identify loci linked to variation for drought resistance. Verslues et al., (2014) published a 
comprehensive study whereby variation in proline accumulation in Arabidopsis was 
attributed to multiple genes. Indeed, this is the only GWAS study in Arabidopsis where genes 
have actually been validated through mutation and overexpression, providing an excellent 
example of a combination of forward and reverse genetics for gene discovery. Bac-Molenaar 
et al., (2015) recently described the identification of loci liked to differential growth responses 
under mild drought stress. Although this is not strictly a measure of drought resistance, it has 
provided us with an improved understanding of the physiological and genetic basis of the 
maintenance of growth under drought stress, which is arguably more agronomically relevant 
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that drought resistance per se. There have been no instances of association mapping being 
used to identify genetic regions associated with variation for WUE in Arabidopsis.    
1.5 Objectives of present study 
 This present study is primarily concerned with understanding the phenotypic and 
genetic basis of water use and water productivity in Arabidopsis using the previously 
described natural variation that exists within the model species. Drought resistance and 
WUE have received substantial research attention within the Arabidopsis community, as 
such we have a broad understanding of the physiological and genetic mechanisms that 
underlie variation for these traits. Water use and water productivity arguably pertain more 
agronomical relevance than the aforementioned traits, however they are comparatively 
understudied in Arabidopsis, as well as other model and crop species.  
 In light of the above, the initial aim of this research is to develop an improved 
understanding of the phenotypic variance that exists within Arabidopsis for water use and 
water productivity and whether commonly employed proxies for performance, such as 
flowering time and WUE, are suitable predictors of these pseudo novel traits. Additionally, 
this study aims to understand whether performance related to these traits as measured in 
controlled environmental conditions is reflected when Arabidopsis is grown in field-style 
environments. Based on these comprehensive phenotypic assessments of natural variation 
in Arabidopsis, this present study will move forward to genetic dissection of traits identified 
as key in relation to water use and water productivity in order to establish a better 
understanding of the genetic basis of improved performance under the context of reduced 
water availability.  
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2. Natural variation of water use and productivity traits 
in Arabidopsis subjected to two different watering 
regimes  
2.1 Introduction 
Efforts to understand plant performance under water-limited or drought scenarios 
have traditionally focused on studying species or genotypes that originate from dry 
environments and consequently possess mechanisms that confer drought resistance (Levit, 
1972; Morison et al., 2008). Arabidopsis ecotypes displaying responses most associated 
with drought resistance tend to originate from areas characterized by low precipitation (Wolfe 
& Tonsor, 2014). It has been argued, however, that drought resistance is not necessarily a 
useful target for crop improvement. This is because in situations where water deficits elicit 
the initiation of drought resistance mechanisms to enable plants to avoid or tolerate reduced 
water availability, yield is certain to be severely impacted upon regardless of the ability of 
plants to survive the period of drought stress (Passioura, 2004; Blum, 2005, 2009). Despite 
its evident facilitation of plant survival, drought resistance is now widely accepted to neither 
contribute to the maintenance of productivity following drought stress, nor is it understood to 
be associated with elevated productivity under water-replete conditions (Passioura, 2004; 
Blum, 2005, 2009). In addition, drought resistance conferred through numerous tolerance 
mechanisms has been demonstrated to be unrelated to growth under water-limited 
conditions in Arabidopsis (Skirycz et al., 2011). 
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Today, WUE receives a greater proportional share of research attention than drought 
resistance for assessing plant performance under water limited conditions. The fundamental 
reason for this is that WUE provides a measure of the maintenance of photosynthesis during 
the active regulation of water loss (Adiredjo et al., 2014; Easlon et al., 2014). Since 
photosynthesis is the primary determinant of plant dry weight biomass and is also believed 
to contribute significantly to crop yield (Long et al., 2006), it is unsurprising that WUE has 
become an increasingly popular research focus. The availability of resources, such as water, 
critical for plant bioprocesses is central in determining the reproductive allocation of all 
organisms. Optimal availability of important resources enables plants to compensate 
maximal reproductive fitness (i.e. seed yield) through increasing uptake of resources. 
Conversely, if resource availability is poor, survival trade-off costs will result in reduced 
reproductive fitness (Von Euler et al., 2014; Sletvold & Agren, 2015).  
WUE has been successfully utilized as a target for artificial selection to optimize wheat 
yield in water-limited agricultural environments (Rebetzke et al., 2002). More commonly, 
however, the relationship between WUE and grain yield is often neutral or inconsistent 
between trials and environmental conditions (Condon et al., 2004; Sinclair & Purcell, 2005; 
Blum, 2009). It has been suggested that this is most likely due to the substantial variation in 
traits other than WUE that also strongly influence yield, such as flowering time and plant 
height (Condon et al., 2004). Existing genotypic variation for WUE is thought to be 
predominantly a result of variation in water use rather than variation in photosynthetic 
assimilation or biomass accumulation (Blum, 2005; Monclus et al., 2006; Monneveux et al., 
2006). Perhaps complimentary to this notion is the development of crop varieties with early 
flowering and smaller leaf areas following selection for improved WUE (White et al., 1990; 
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Ngugi et al., 1994; Menendez & Hall, 1995; Sayre et al., 1995; Martin et al., 1999). It should 
be noted, however, that this is in stark contrast to more recent Arabidopsis-based studies 
where significant variation for WUE has been positively correlated with flowering time, where 
late flowering ecotypes exhibit the greatest WUE (McKay et al., 2003; Kenney et al., 2014; 
Easlon et al., 2014). This phenotypic and genetic correlation between WUE and flowering 
time is indicative of pleiotropy, which is further supported by increased WUE observed in 
later flowering time mutants (McKay et al., 2003) and by the identification of QTLs that affect 
flowering time following linkage disequibrlium mapping for WUE (Juenger & Mckay, 2005; 
Hausmann et al., 2005; Juenger et al., 2010).  
Substantial natural genetic variation has been demonstrated for traits associated with 
drought resistance and iWUE (Bouchabke et al., 2008; Verslues & Juenger, 2011; Kenney 
et al., 2014). However, the assessment of long term water use, plant performance, and water 
productivity has received little attention, with only a few ecotypes or mutants studied at a 
time (Bechtold et al., 2010, 2013). Both vegetative and reproductive performance under 
demonstrate a heritable basis in Arabidopsis under optimal conditions (Meyer et al., 2010; 
Gnan et al., 2014). However, the extent to which variation or long term water use is driven 
by genetic variation is unclear. Understanding the impact of long term water use on plant 
performance will act as a precursor for the determination of the genetic basis of these 
agronomically relevant traits, and will consequently allow for reductions in long term water 
use without penalizing plant productivity. This present study was undertaken to obtain a 
quantitative genetic measure of the variation that exists for long time water use and water 
productivity and to assess their relationship with developmental and physiological 
parameters, including iWUE.    
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2.2 Materials and Methods 
2.2.1  Plant material 
Seed for all ecotypes comprising this study were obtained from the Nottingham 
Arabidopsis Stock Centre (NASC; Scholl et al., 2000). This present study included 46 
Arabidopsis ecotypes, chosen for their wide distribution across the Northern Hemisphere 
(Figure 2.1; Table 1).  
2.2.2  Growth conditions 
Plants were grown in peat-based compost (Levington F2+S, The Scotts Company, 
Ipswich, UK) in two different environments. In the controlled environment room, plants were 
kept in an 8/16h light/dark cycle at a photosynthetically active photon flux density (PPFD) of 
120 µmol m-2s-1, 60% relative humidity (RH), and 23⁰C. Within the glasshouse, the 
environmental conditions were variable, as temperature and external light cycles fluctuated 
during the experimental period. Supplemental lighting was maintained at a minimum PPFD 
threshold of ~200 µmol m-2s-1 at plant level for 12h day. Plants were kept fully saturated 
except during the different watering and drying regimes described below. In both 
environments and at all experiment stages, plant positions were randomly changed every 
three days.  
2.2.3  Trait parameters assessed and watering regimes 
For the determination of short term water use I performed short dehydration (SD) 
experiments. Here, plants were grown in 6cm diameter pots filled with the same volume of 
soil. Additionally, three control pots were used to determine the mass of fully saturated and 
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fully dried soil. These masses were used to calculate the percentage relative soil water 
content (% rSWC) of all pots based on fully saturated (100% rSWC) and fully dried (0% 
rSWC) control pots. Fifteen biological replicates of each ecotypes were grown for each SD 
experiment. 
At 54 day’s all plants were watered until fully saturated (~100% rSWC). At 55 days, 
excess water was withdrawn and pot weight was recorded daily, to calculate rSWC. Plants 
were left to progressively dry to the point where the average rSWC of all plants of each 
ecotype was 20%, at which point all plants of that ecotype were re-watered and transferred 
from the controlled environment room to the glasshouse. Within the glasshouse all plants 
were kept well-watered and allowed to set seed, during which time flowering time and the 
number of rosette leaves at bud initiation was monitored. Upon the opening of a plant’s final 
flower it was bagged to capture all seeds. Once bagged, plants could dry down for 
harvesting. The mass of the reproductive biomass components (seed yield and chaff (stalks 
and silique pods)) was assessed as was the mass of the predominant vegetative biomass 
component (rosette) following a drying down period of one week within a 60⁰C oven. 
Flowering time and biomass components were determined for all 15 biological repeats of 
each ecotype. 
Prior to the initiation of the SD experimental period, the rosette area of four biological 
repeats of each ecotype was determined using a digital image of individual plants with the 
software package ImageJ (http://www.imagej.nih.gov/ij/) image analysis software. 
Photosynthetic snapshots were taken through infra-red gas exchange analysis using 
portable infra-red gas exchange systems (CIRAS-2; PP Systems, Amesbury, MA, USA), to 
obtain an operational measure of the photosynthetic performance of ecotypes during the SD 
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period. All snapshots were performed on fully expanded upper rosette leaves. Snapshot 
photosynthetic gas exchange measurements were taken at three points during the SD period 
of four randomly selected biological repeats of each ecotype; when the average rSWC of a 
particular ecotype was 100% (start of SD for all ecotypes), 50%, and 20%. These 
measurements were taken within the above-described controlled growth room, at steady-
state rates of A, gs, and at current atmospheric CO2 and a PPFD of 150 µmmol m-2 s-1. As 
well as A and gs, these measurements allowed us to determine operational values for T, also 
termed evaporation (E), iWUE (calculated as A/E), and intracellular CO2 concentration (Ci).  
For the determination of long term water use I performed a continuous watering (CW) 
experiment (This experiment was performed with assistance from Dr Ulrike Bechtold, 
Professor Philip Mullineaux, and Mrs. Sue Corbett). Here, plants were grown in 8cm 
diameter pots. All pots were filled with the same volume of soil and a known mass of plastic 
beads were placed on top of the soil to minimize evaporation from the soil. Additionally, a 
5ml pipette was inserted into the soil to allow for the addition of precise volumes of water 
daily, the mass of the pipettes was also recorded. As with the above-mentioned SD 
experiment, three control pots were again setup in the same manner as the experimental 
pots to allow for the determination of the pot weights at 100% and 0% rSWC. Plants were 
initially germinated in the controlled environment room and transferred into individual 
experimental pots two weeks after sowing. All plants were kept well-watered for a further 
four days in the controlled environment room. After these four days, plants were transferred 
to the glasshouse where they were soaked up to ~100% rSWC. Following soaking, all excess 
water was withdrawn and pot weight was monitored daily. Each pot weight was maintained 
at 40% rSWC by adding the volume of water that was calculated to be required to reach 40% 
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once rSWC fell below this level. Pots were maintained at 40% rSWC because this sufficient 
for detecting variation in water use and also it does not initiate drought resistance 
mechanisms, nor does it impact photosynthetic capacity or leaf water potential (Bechtold et 
al., 2010, 2016)  Three control pots with no plants were also monitored and watered daily in 
the same fashion during this period and allowed for the determination of average soil 
evaporation which was used to adjust the long term water use calculations. During the period 
of daily watering, flowering time and the number of rosette leaves at the point of bud initiation 
was recorded. Long term water use (ml plant-1) was calculated as the total volume of water 
added to each pot until the opening of the final flower. At this point the plant was bagged and 
daily watering ceased. Biomass components were harvested and weighed as with the SD 
experiment. Water productivity (WP) was determined as the amount of seed produced per 
unit of water used (mg ml-1), additionally measured water use efficiency (mWUE) was 
determined as the total amount of above ground biomass produced per unit of water used 
(mg mL-1).  
 For the CW, 15 biological repeats of each ecotype were watered daily. Additionally, 
flowering traits and the biomass components traits were determined for all biological repeats. 
As well as measuring long term water use as part of the CW experiment, I also 
calculated it as part of the SD experiment. Here, the short-term water use of individual plants 
was multiplied by the point of bud initiation, i.e. flowering time, to give calculated water use 
(cWU). Calculated estimates of WP (cWP) and WUE (cWUE) were also made by dividing 
cWU from the amount of seed produced per plant and the amount of above ground biomass. 
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2.2.4  BIOCLIM climatic data 
The point of origin of all 46 ecotypes was determined as the latitudinal and longitudinal 
coordinates from where they were collected according to The Arabidopsis Information 
Resource (TAIR; Rhee et al., 2003). These coordinates were employed to extract the 19 
biologically relevant climatic variables corresponding to these points from the BIOCLIM 
database (Hijmans et al., 2005). Climatic parameters were extracted at a 2.5 minute 
resolution using the getData() function from the R package ‘raster’ (Hijmans & van Etten, 
2012). 
2.2.5  Data analysis 
Unless stated, all statistical analyses were performed within the R software 
environment for statistical computing and graphics (R Development Core Team, 2008). Due 
to both space limitations and because of the complexity of measuring many of the phenotypic 
parameters assessed, this study was temporally divided into seven experimental blocks. 
Every experimental block contained the Col-0 and C24 ecotypes and between three and 
nine additional ecotypes. Shapiro-Wilks tests were performed for all parameters to test for 
normal distributions. For all parameters either parametric one-way analysis of variance 
(ANOVA) or non-parametric Kruskal-Wallis (KW) tests were performed (depending on the 
distribution of the parameter of interest) for means comparisons of all ecotypes across 
experimental blocks, as well as for just the Col-0 and C24 ecotypes across experimental 
blocks.   
From the above comparison of means testing we detected significant experimental 
block effects. In order to account for these effects we obtained best linear unbiased 
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predictors (BLUPs) of the ecotype means for each parameter by using the function ranef() 
from the ‘lme4’ R package (Bates & Maechler, 2009) on appropriate general linear mixed 
models (GLMMs) as described in Merk et al (2012). BLUPs are typically used as breeding 
values and provide robust estimates of the genotype effect on a particular parameter, whilst 
accounting for random effects (Lynch & Walsh, 1998). To make BLUP values more 
understandable, I calculated the estimated mean values of each phenotypic parameter by 
adding the BLUP value to the population mean of each trait. Estimated means were utilized 
for all subsequent comparison and correlation/regression analyses. 
I estimated the broad-sense heritability (H2) of all phenotypic parameters, where H2 is 
equivalent to the ratio of genetic variation (VG) to phenotypic variation (VP), i.e. VG/VP. The 
following GLMM was employed using lmer(): Y = E + B + Residual (Error) variance, where 
Y represents the parameter of interest and both E (Ecotype) and B (Experimental block) are 
treated as random effects. The model allowed for the determination of both VG and VP for 
each trait. To test the significance of heritability for every trait an analysis of variance 
(deviance) table was computed for a GLMM including ecotype as a random effect, as in the 
model described above, and a GLMM not including ecotype, i.e. Y = B + Residual (Error) 
variance. A significant difference between the models is indicative of significant H2.  
To further test the effect of genetic variance on observed phenotypic variance, I 
calculated the coefficient of genetic variation (CVG), often termed and herein referred to as 
evolvability. Evolvability was determined for each trait parameter as ൫100 × ඥVୋ൯/x̄, where x̄ 
represents the mean of the parameter of interest. The definition and theoretical basis of CVG 
is contested (Pigliucci, 2008), however it principally provides a measure for the potential for 
any given trait to respond to selection.  
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To test for associations between phenotypic traits we calculated genetic correlations 
between all pairwise traits as Pearson’s product moment correlation coefficients between 
the estimated means of all pairwise trait interactions for inference of statistical significance. 
A sequential Bonferroni correction method was adopted for the multiple Pearson’s product 
moment correlation analyses (Bonferroni, 1936).  This estimate of genetic correlation 
displayed a highly significant positive correlation (P < 0.001, R2 = 0.76) with the “rG” method 
which is also commonly employed (McKay et al 2003; 2008). rG was calculated as: େ୭୴ఽా  
ඥ୚ృఽ×୚ృా 
, 
where COVAB represents the phenotypic covariance between any two traits (A and B) and 
VGA/B represents the among-ecotype genetic variance for those individual traits from which 
phenotypic covariance was estimated.  
In order to reduce the dimensionality of the trait data set, principal component analysis 
(PCA) was performed. Due to technical issues certain trait parameters were not assessed 
for all of the ecotypes. PCA requires complete data for all lines (ecotypes) and all parameters 
(traits) incorporated into the analysis, for this reason those ecotypes with missing data for 
certain parameters where not incorporated into the PCA. 14 of the 46 ecotypes had missing 
data at certain points, as such these ecotypes were removed from the PCA.  Additionally, 
the dimensionality of the climatic dataset was also reduced through PCA. For consistency 
and comparison purposes, only the climatic data from the 32 ecotypes used in the trait PCA 
were used in the climatic PCA. For both PCAs, the Kaiser-Guttmann criterion was adopted 
for determining significant principle components (PCs; Kaiser, 1960). This method is based 
on the eigenvalues of each PC, with only those PCs with eigenvalues above the mean of all 
PCs being considered significant. 
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To select a subset of the 46 ecotypes comprising the SD experiment to bring forward 
for the CW experiment, hierarchical clustering was performed using Ward’s minimized 
variance as implemented using the hclust() function within the R base code (R Development 
Core Team, 2008). 
The phenotypic plasticity of selected traits was calculated as the relative trait range 
index (RTR; Valladares et al., 2006) across the two watering regimes. Briefly, RTR was 
calculated as the difference between the mean in watering regime 1 (SD) – mean in watering 
regime 2 (CW), divided by the maximum observed mean values.  RTR consequently ranges 
between -1 and 1, with positive values indicating a trait difference between the two watering 
regimes in the expected direction, as water use and productivity were expected to be higher 
in the SD experiment. 
2.3  Results 
Phenotypic variation associated with water use and productivity was examined for a 
set of Arabidopsis ecotypes originating from a range of different habitats across the Northern 
Hemisphere. This range in sites of origin ensured that the ecotypes of interest have been 
subject to varying climatic histories during their evolutionary histories (Fig 2.1; Table 2.1).  
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Figure 2.1. Geographic distribution and climatic history variation of the 46 
Arabidopsis ecotypes comprising the present study. (a) Geographic site of origin all 
ecotypes comprising this study. Ecotypes indicated with green dots were included as part of 
both the short dehydration and continuous watering experiments. Those indicated by red 
dots were included as part of the short dehydration experiment only. (b) The variation in 
annual mean temperature at the site of origin of the 46 ecotypes. (c) The variation in annual 
mean precipitation at the site of origin of the 46 ecotypes. 
 
 
 
 
 
 
 
(a) (b) (c) 
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Table 2.1. The native names (Ecotype), geographic site of origin (Location), TAIR 
germplasm ID, and the experimental blocks containing each ecotype comprising this 
study 
 
Ecotype Location Germplasm ID Experimental block(s)
An-1 Anderlecht, Belgium CS944 4
Bay-0 Bayreuth, Germany CS954 4
Bor-4 Borky, Czech Republic CS28093 8
Br-0 Bruno, Czech Republic CS994 8
Bur-0 Burren, Ireland CS1028 8
C24 * Coimbra, Portugal CS906 All blocks
CIBC-5 * Ascot, UK CS78894 2
Col-0 * Columbia, USA CS1092 All blocks
Ct-1 * Catania, Italy CS1094 8
Cvi-0 * Cape Verde Islands CS902 2
Ei-2 * Eifel, Germany CS1124 1
En-2 Frankfurt, Germany CS1138 6
Est-1 * Vagli, Estonia CS28244 3
Fei-0 * St. Maria d. Feiria, Portugal CS28250 7
Got-22 Gottingen, Germany CS76884 3
Gu-0 Guckingen, Germany CS28330 5
HR-5 * Ascot, UK CS76514 8
Kas-1 Kashmir, India CS903 8
Knox-10 Knox, USA CS22410 4
Kondara * Kondara, Tajikistan CS916 3
Kz-9 Karagandy, Kazakhstan CS76537 3
Ler-0 * Landsberg am Lech, Germany CS20 6
LL-0 Llagostera, Spain CS799513 5
Lp2-6 Lipovec, Czech Republic CS28480 6
Lz-0 Lezoux, France CS28482 3
Mrk-0 Markt-Baden, Germany CS28498 5
Mt-0 Martuba/Cyrenaika, Libya CS28502 6
NFA-10 Ascot, UK CS28533 4
NFA-8 Ascot, UK CS28532 6
Pna-17 Benton Harbor, USA CS28647 2
Pu2-23 Prudka, Czech Republic CS28655 3
Pu2-7 Prudka, Czech Republic CS28654 3
Ra-0 Randan, France CS28665 4
Ren-11 Rennes, France CS77211 3
RRS-7 North Liberty, USA CS28713 4
Shakdara Shakdara, Tajikistan CS929 4
Se-0 * San Eleno, Spain CS28726 3
Sq-1 Ascot, UK CS28746 6
Ts-5 Tossa del Mar, Spain CS1558 3
Tsu-1 Tsushima, Japan CS1640 8
Van-0 Vancouver, Canada CS1584 6
Wei-0 Weiningen, Switzerland CS3110 2
Ws-0 Wassilwskija, Russia CS1602 3
Ws-2 Wassilwskija, Russia CS2360 3
Wt-5 Wietze, Germany CS6896 8
Yo-0 Yosemite, USA CS6901 4
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An SD experiment, where pots could dry from 100% to 20% rSWC, was performed 
using all 46 ecotypes. This facilitated the calculation of short term water use as the slope of 
the linear regression of the rate of drying. Plants were kept well-watered before and after the 
SD experimental period. Traits evaluated as part of this experiment included seed yield, chaff 
(stalk and silique biomass), rosette biomass and area, flowering time, and leaf number at 
flowering (Fig 2.2).  
 
Figure 2.2. Natural variation for key physiological and developmental traits assessed 
during the short dehydration experiment. (a) Short term-water use. (b) Seed yield. (c) 
Chaff biomass. (d) Rosette biomass. (e) Rosette area. (f) Flowering time. (g) Number of 
rosette leaves at bud initiation. The variation displayed in each histogram is the estimated 
mean of all ecotypes included as part of this study. 
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In addition to the SD experiment, I performed a CW experiment on 14 specifically 
selected ecotypes. With this experiment, rSWC was maintained at moderate drought levels 
(~40–45% rSWC; Bechtold et al 2010, 2013) throughout the lifecycle of the plant. These 
ecotypes were selected following hierarchical clustering of the 46 ecotypes from the SD 
experiment based on Euclidean distances computed on a combination of the variation for 
short term water use and seed yield (Fig 2.3). The associated dendrogram was divided into 
5 distinct clusters and two or three representative ecotypes were selected from each cluster 
for the CW experiment. This proceeding experiment allowed us to accurately measure and 
compare short term and long term water use, as well as other plant performance parameters. 
 
Figure 2.3. Fan dendrogram displaying the hierarchical clustering of the 46 ecotypes. 
Clustering is based on short term water use and seed yield. Those ecotypes highlighted in 
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red comprising each of the five main clusters were incorporated as part of the CW experiment 
(with two additional ecotypes; Kin-0 and Br-0) 
The 46 ecotypes comprising the SD experiment were grown in the same growth room 
over a period of two years. Environmental conditions were kept constant throughout all 
temporally divided blocks. In total, seven temporally unique experimental blocks were 
analyzed, with Col-0 and C24 included as part of each to assess variation due to 
experimental differences. We identified significant block affects for all traits when comparing 
all ecotypes across all blocks, but also when just comparing Col-0 and C24 across all blocks 
(Table 2.2).  
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Table 2.2. Comparisons of means testing for all traits assessed as part of the short 
dehydration experiment. Depending on the distribution of the parameter of interest, either 
one-way ANOVA or Kruskal-Wallis tests were performed. Comparisons are made based on 
the means of all ecotypes, just Col-0, and just C24. Where relevant, the rSWC at the time of 
the assessment of a trait is given as a percentage before the trait. Significance is indicated 
at *** p < 0.0001, ** p < 0.01, and * p < 0.05. N.s. denotes that the means were not 
significantly different between experimental blocks. 
 
To control for random experimental block effects, BLUPs and estimated means were 
obtained and calculated respectively for all parameters. Estimated means were 
subsequently used in regression, correlation, and principle component analyses. Pearson 
Between experimental blocks  
(All ecotypes)
Between experimental blocks 
(Col-0)
Between experimental blocks 
(C24)
Rosette area (mm2) < .0001 *** < .05 * < .0001 ***
Drying rate (ml H2O day
-1) < .0001 *** < .0001 *** < .0001 ***
~100% A (µmol m-2 s-1) < .0001 *** < .0001 *** < .05 *
~100% E (mmol m-2 s-1) < .0001 *** < .0001 *** < .0001 ***
~100% WUE (µmol/mmol m-2 s-1) < .0001 *** < .0001 *** < .01 **
~100% Gs (mmol m-2 s-1) < .0001 *** < .0001 *** < .01 **
~100% Ci (µmol mol-1) < .0001 *** < .01 ** 0.13 n.s.
~50% A (µmol m-2 s-1) < .0001 *** < .0001 *** < .01 **
~50% E (mmol m-2 s-1) < .0001 *** < .0001 *** < .01 **
~50% WUE (µmol/mmol m-2 s-1) < .0001 *** < .0001 *** < .01 **
~50% Gs(mmol m-2 s-1) < .0001 *** < .01 ** < .01 **
~50% Ci (µmol mol-1) < .0001 *** < .01 ** < .01 **
~20% A (µmol m-2 s-1) < .0001 *** < .0001 *** < .0001 ***
~20% E (mmol m-2 s-1) < .0001 *** < .0001 *** < .0001 ***
~20% WUE (µmol/mmol m-2 s-1) < .0001 *** < .01 ** < .01 **
~20% Gs (mmol m-2 s-1) < .0001 *** < .0001 *** < .0001 ***
~20% Ci (µmol mol-1) < .0001 *** < .0001 *** 0.22 n.s.
Flowering time (days) < .0001 *** < .0001 *** < .0001 ***
Rosette leaves flowering < .0001 *** < .0001 *** < .0001 ***
Rosette biomass (g) < .0001 *** < .0001 *** < .0001 ***
Chaff biomass (g) < .0001 *** < .0001 *** < .0001 ***
Seed yield (g) < .0001 *** < .0001 *** < .0001 ***
Calculated water-use < .0001 *** < .0001 *** < .0001 ***
Calculated water productivity < .0001 *** < .0001 *** < .0001 ***
Trait Parameter
P value
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product-moment correlations were calculated between arithmetic means and estimated 
means and demonstrated a significant positive correlation (Table 2.3)  
Table 2.3. Association of estimated means, obtained from BLUPs, and true 
(arithmetic) means.  Associations testing as achieved via Pearson’s regression analysis on 
estimated and true means of all ecotypes for each trait assessed as part of the short 
dehydration experiment. Where relevant, the rSWC is given as a percentage before the trait. 
Pearson’s correlation coefficients and p-values are given.  
 
Trait Pearson's correlation coefficient P value
Rosette area (mm2) 0.915 0.000
Short term water-use (ml H2O day
-1) 0.809 0.000
~100% A (µmol m-2 s-1) 0.566 0.000
~100% Ci (µmol mol-1) 0.535 0.000
~100% E (mmol m-2 s-1) 0.549 0.000
~100% Gs (mmol m-2 s-1) 0.873 0.000
~100% WUE (µmol/mmol m-2 s-1) 0.402 0.003
~50% A (µmol m-2 s-1) 0.459 0.000
~50% Ci (µmol mol-1) 0.605 0.000
~50% E (mmol m-2 s-1) 0.877 0.000
~50% Gs(mmol m-2 s-1) 0.898 0.000
~50% WUE (µmol/mmol m-2 s-1) 0.664 0.000
~20% A (µmol m-2 s-1) 0.520 0.000
~20% Ci (µmol mol-1) 0.959 0.000
~20% E (mmol m-2 s-1) 0.426 0.001
~20% Gs (mmol m-2 s-1) 0.506 0.000
~20% WUE (µmol/mmol m-2 s-1) 0.818 0.000
Flowering time (days) 0.937 0.000
Rosette leaves flowering 0.852 0.000
Rosette biomass (g) 0.716 0.000
Chaff biomass (g) 0.416 0.004
Seed yield (g) 0.723 0.000
Calculated water-use 0.873 0.000
Calculated water productivity 0.798 0.000
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2.3.1 Phenotypic variation and plasticity for photosynthesis, water 
use, flowering time, and biomass accumulation 
Snapshot gas exchange measurements were performed to assess operational rates 
of photosynthesis and water use in all the Arabidopsis ecotypes comprising the SD 
experiment. To benchmark the experiment, I checked for genetic correlations between 
known functionally related traits. Positive correlations between functionally related traits, 
such as gs and A were observed at all measured rSWCs (Fig. 2.4), while negative 
correlations occurred between traits in evolutionary constraint of one another, such as iWUE 
and gs (Fig. 2.4). Despite the strong genetic correlations that exists between gs and A, and 
between gs and iWUE, the relationship between A and iWUE was neutral (Fig. 2.4). This 
suggests that alterations in WUE are more likely to be brought about by changes in water 
use, as opposed to changes in the rate of photosynthetic assimilation (Figs 2.4, 2.5). It was 
also observed that A, gs, and E followed a general trend of decreasing as the short 
dehydration period progresses, whilst iWUE increased concurrently (Figure 2.5). It is 
interesting to note that the reduction in variation for E and gs that occurs at 20% rSWC was 
not matched by a reduction in variation for A, which suggests that many ecotypes were able 
to maintain relatively high levels of A despite the dynamic reduction of gs. Furthermore, it 
should also be noted that this reduction in variation for E and gs was also met by an increase 
in variation for iWUE, which provides further evidence to suggest that changes in iWUE were 
brought about predominantly by changes to gs, and consequently E, but not by changes in 
A (Fig 2.5). 
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Figure 2.4. Correlation plot displaying the genetic correlations between all parameters 
assessed as part of the short dehydration (SD) experiment. The significance of any 
particular pair-wise genetic correlation is indicated by the size of the individual squares, 
where larger squares denote a lower p-value. The color of the square indicates the direction 
of the Pearson correlation coefficient (see heat bar to the right), where red denotes a 
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negative genetic correlation and blue denotes a positive genetic correlation. Where relevant 
the rSWC is indicated by a percentage at the beginning of trait names. 
 
Figure 2.5. Variation in photosynthesis during the short dehydration (SD) period. (a) 
Variation in photosynthetic assimilation (A) at 100%, 50%, and 20% relative soil water 
content (rSWC). (b) Variation in evaporation (E) at 100%, 50%, and 20% rSWC. (c) Variation 
in stomatal conductance (gs) at 100%, 50%, and 20% rSWC. (d) Variation in instantaneous 
water use efficiency (iWUE) at 100%, 50%, and 20% rSWC. For all plots, the bottom and top 
boxes denote the 25th and 75th percentiles respectively. The central band is the 50th 
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percentile. Whiskers extend to the most extreme data points which are no more than 1.5x 
the length of the upper or lower segment away from the respective segment. Circles that lie 
away from the whiskers denote extreme outliers. N = 4. 
Genetic and phenotypic variances were calculated using GLMMs. These facilitated 
the estimation of H2 and evolvability, also termed the CVG. I observed significant H2 for 20 of 
the 22 phenotypic traits measured as part of the SD experiment (Table 2.4). The H2 of the 
primary fitness related traits, namely seed yield and chaff, were comparatively lower than 
traits known to have a strong genetic basis, such as flowering time. Both seed yield and 
chaff, however, displayed the greatest evolvability (Table 2.4), which indicates the ability of 
a population/ecotype to respond to environmental or artificial selection with respect to a 
particular trait (Houle, 1992; Wagner & Altenberg, 1996). This suggests that reproductive 
performance in Arabidopsis responded much more strongly to environmental selection, 
compared to the response of short term water use or flowering time for example (Table 2.4). 
As a continuation, I compared the effect of both watering regimes on reproductive 
performance, flowering time, and water use using both RTR plasticity indices (Valladares et 
al., 2006) and the relative performance of these traits for the 12 ecotypes included in both 
experiments. The plasticity indices were most variable for fitness associated traits, such as 
seed yield and chaff, while flowering time and water use appeared to be much more stable 
traits across the different watering regimes (Fig 2.6). Clear genotype by environment (GxE) 
interactions were observed, where four ecotypes showed differences in the deviations from 
the average yield for specific watering regimes. Conversely, 8 ecotypes demonstrated 
consistently higher or lower than average yields across both watering regimes (Fig. 2.7a).  
Similarly, seven ecotypes showed consistently higher or lower than average water use 
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across both watering regimes (2.7b). It is interesting to note that those ecotypes with higher 
than average seed yields did not exhibit higher than average water use (Fig. 2.7). 
Table 2.4. Genetic and phenotypic variation for the 24 phenotypic traits assessed as 
part of the short dehydration experiment. The true mean, standard error (SE), genetic 
variance (VG), phenotypic variance (VP), broad sense heritability (H2), coefficient of genetic 
variance (CVG), and significance of H2 are displayed for all traits. Significance is indicated by 
*** = p < 0.0001, ** = p < 0.01, and * = p < 0.05. N.s. denotes that the H2 of the associated 
trait was not significant. 
 
Trait Mean SE VG VP H 2 CVG Sig.
Rosette area (mm2) 27.40 0.71 73.36 136.57 0.54 31.26 ***
Short term water-use (ml H2O day
-1) 9.19 0.06 1.22 2.99 0.41 12.04 ***
~100% A (µmol m-2 s-1) 4.50 0.80 0.25 2.72 0.09 11.01 ***
~100% E (mmol m-2 s-1) 1.35 0.06 0.17 1.15 0.15 30.65 ***
~100% Gs (mmol m-2 s-1) 143.66 4.80 2660.00 8581.00 0.31 35.90 ***
~100% iWUE (µmol/mmol m-2 s-1) 4.65 0.17 0.83 10.67 0.08 19.64 **
~100% Ci (µmol mol-1) 297.76 2.39 99.74 1959.47 0.05 3.35 ***
~50% A (µmol m-2 s-1) 4.35 0.09 0.23 3.22 0.07 11.05 ***
~50% E (mmol m-2 s-1) 0.87 0.29 0.15 1.12 0.14 45.06 ***
~50% Gs(mmol m-2 s-1) 102.59 3.49 2120.10 4397.70 0.48 44.88 ***
~50% iWUE (µmol/mmol m-2 s-1) 6.18 0.18 0.57 11.18 0.05 12.24 *
~50% Ci (µmol mol-1) 291.84 2.51 137.00 2190.80 0.06 4.01 ***
~20% A (µmol m-2 s-1) 3.09 0.07 0.24 2.31 0.10 15.68 ***
~20% E (mmol m-2 s-1) 0.45 0.02 0.00 0.10 0.04 15.09 **
~20% Gs (mmol m-2 s-1) 49.43 1.89 54.37 1450.53 0.04 14.92 **
~20% iWUE (µmol/mmol m-2 s-1) 10.14 0.53 0.53 11.36 0.05 7.20 n.s.
~20% Ci (µmol mol-1) 266.59 5.02 1381.70 13979.00 0.10 13.94 ***
Flowering time (days) 72.10 0.61 199.48 355.39 0.56 19.59 ***
Rosette leaves at bud initiation 56.55 0.78 396.90 705.40 0.56 35.23 ***
Rosette biomass (g) 0.30 0.04 0.00 1.51 0.00 0.00 n.s.
Chaff biomass (g) 0.40 0.01 0.04 0.10 0.39 49.01 ***
Seed yield (g) 0.10 0.00 0.00 0.01 0.19 48.67 ***
Calculated water-use 667.20 21.64 14719.00 33063.00 0.45 18.18 ***
Calculated water productivity 0.12 0.01 0.01 0.32 0.32 66.40 ***
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Figure 2.6. Box-and-whisker plots displaying the variation in plasticity. Plasticity is 
calculated as relative trait range (RTR) indices for calculated water productivity, chaff 
biomass, seed yield, flowering time, short term water use, and calculated water use. The 
bottom and the top boxes denote the 25th and 75th percentiles respectively. The central band 
is the 50th percentile. Whiskers extend to the most extreme data points which are no more 
than 1.5x the length of the upper or lower segment away from the respective segment. 
Circles that lie away from the whiskers denote extreme outliers.  
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Figure 2.7. Phenotypic plasticity for seed yield and water use. (a) Association of the 
difference from mean seed yield of the 12 ecotypes common to the short dehydration (SD) 
and continuous watering (CW) experiments. (b) Association of the difference from the mean 
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calculated water use of the 12 ecotypes common to the SD and CW experiment. Green dots 
(non-adaptive plasticity), yellow dots (adaptive plasticity), and blue dots (genotype by 
environment (GxE) interactions) describe the different response to the watering regimes of 
the 12 ecotypes. 
2.3.2 Short term and long term water use is driven by vegetative 
performance and flowering time 
Due to the intensive nature of the CW experiment, I was unable to measure long term 
water use for all 46 ecotypes comprising the SD experiment. I therefore estimated long term 
water use by multiplying short term water use by flowering time to obtain a calculated water 
use (cWU) parameter. The CW experiment facilitated the accurate determination of long 
term as well as short term water use, and consequently allowed for the comparison of 
measured long term water use (mWU) and cWU parameters. A highly significant correlation 
was observed between both parameters, suggesting that cWU is a highly appropriate 
approximation of mWU for ecotypes of Arabidopsis (Fig. 2.8a). Additionally, a further highly 
significant positive correlation was observed between cWU from the SD experiment and 
mWU from the CW experiment (Fig. 2.8b), even though these were different sets of plants 
grown under different condition (SD – short days, CW – long days). This provides yet further 
support for using cWU as a proxy for mWU. I observed similar significant associations for 
calculated water productivity (cWP) and measured water productivity (mWP) also (Fig. 2.9).  
 
 
57 
 
 
Figure 2.8. Association of calculated water use (cWU) and measured water use (mWU). 
(a) Significant positive association between calculated water use from the continuous 
watering experiment (CW) and measured water used from the CW experiment. (b) 
Significant positive association between calculated water use from the short dehydration 
(SD) experiment and measured water use from the CW experiment.. R-squared and 
significance thresholds are provided for both associations. 
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Figure 2.9. Association between calculated water productivity (cWP) and measured 
water productivity (mWP). (a) Significant positive association between cWP from the 
continuous watering (CW) experiment and water productivity from continuous watering 
experiment (mWP). (b) Significant positive association between cWP from the short 
dehydration (SD) experiment and water productivity from the continuous watering 
experiment (cWP). Linear model regression equations, R-squared values, and p-values are 
given for both associations. 
Neither cWU nor short term water use were correlated with gs or iWUE (Fig. 2.4), 
suggesting that iWUE is not an appropriate measure for water use, and that long term water 
use strategies in Arabidopsis do not rely on the present physiological status of the plant. 
Similarly, there was relationship between reproductive performance and total water use in 
either of the watering regimes (Fig. 2.13), suggesting that reproductive strategies of these 
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ecotypes were independent of their water use strategies across the two different watering 
regimes employed here. 
 
Figure 2.10. Associations between water use and productivity (seed yield). (a) Neutral 
association between calculated water use (cWU) and seed yield from the short dehydration 
(SD). P-value > 0.05. (b) Neutral association between measured water use (mWU) and seed 
yield from the continuous watering (CW) experiment. P-value > 0.05. 
Water use was predominantly determined by flowering time (Figs. 2.4, 2.11) and 
vegetative biomass (Fig. 2.4), where bigger plants that flowered later used the most water. 
Flowering time was also observed to have neutral relationship with iWUE at 100% and 50% 
rSWC, but a significantly negative genetic correlation with iWUE at 20% rSWC (Fig. 2.4), 
which suggests that plants that flower later, use more water but do not compliment this with 
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enough of an increase in photosynthetic activity to generate improved reproductive biomass, 
consequently their WUE was reduced. 
  
Figure 2.11. Genetic correlation between flowering time and measured water use 
(mWU) of the 14 ecotypes comprising the continuous watering (CW) experiment. The 
green line represents the linear model whose equation is given, along with the associated r2 
value and p-value.  
The increase in long term water use that appears to be met with increasing flowering 
time (Fig. 2.11) might be predicted since a plant that lives for a longer period is likely to use 
more water. For this reason, I tested the variation in daily water use between the 14 ecotypes 
comprising the CW experiment and assess whether this was related to long term water use 
(Fig. 2.12). Those ecotype that use more water use daily appear to use more water in the 
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long term independent of flowering time, in other words to the later flowering ecotypes also 
appear to use more water on a day-by-day basis as well as over an extended period (Fig. 
2.12.). Substantial variation was detected for daily water use, which mirrored long term water 
use. (Fig. 2.12b) 
 
 
Figure 2.12. Variation for daily water use and its relationship with long term 
water use. (a) Relationship between daily water use and long term water use of the 14 
ecotypes comprising the continuous watering experiment. The linear model of the 
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relationship between mean long term water use and mean daily water use is provided as the 
orange fit line. R2 and P values are provided. (b) Boxplots describing the variation observed 
in daily water use between the 14 ecotypes comprising the continuous watering experiment. 
Post-hoc Tukey groups are provided above the boxplot of each ecotype. Those ecotypes 
with common letters, i.e. post-hoc Tukey groups, are not statistically different from one 
another, whereas those with no common letters are statistically different. For each boxplot, 
the bold line in center of the boxplots represents the median, the box edges represent the 
25th (lower) and 75th (upper) percentiles, the whiskers extend to the most extreme data points 
that are no more than 1.5x the length of the upper or lower segment, and points away from 
the whiskers indicate extreme outliers. N = 15. 
These results emphasize the importance of assessing long term water use. They also 
highlight the importance of determining water productivity, which I define as the ratio of the 
mass of seed produced over the amount of water used per plant. As mentioned above, this 
can be either measured (mWP) or calculated (cWP; Fig. 2.9). As well as water productivity, 
I also calculated long term water use efficiency (WUE) from the CW experiment as the total 
above ground biomass divided by mWU. WUE was also calculated from the SD experiment, 
by dividing total above ground biomass by cWU from this experiment, i.e. cWUE. The 
effectiveness of utilizing iWUE as a predictor of WUE or WP was explored by testing the 
associations of these traits at the three rSWC points at which iWUE was measured (Fig. 
2.14). iWUE at 100% and 50% rSWC appeared a precise proxy for WUE from the CW 
experiment, but this association dissipated for iWUE at 20% rSWC (Fig. 2.12). Conversely, 
iWUE had a neutral relationship with WP from the CW experiment at all rSWC measurement 
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points (Fig. 2.12), suggesting that transpiration may determine total biomass, however 
resource allocation into yield is not supported.  
 
Figure 2.13. Associations between instantaneous water use efficiency (iWUE) and 
biomass accumulation as a factor of water use. (a) Genetic correlation between iWUE at 
100% relative soil water content (rSWC) and long term water use efficiency (WUE). (b) 
Genetic correlation between iWUE at 50% rSWC and WUE. (c)  Genetic correlation between 
iWUE at 20% rSWC and WUE. (d) Association between iWUE at 100% rSWC and water 
productivity (WP). (e) Association between iWUE at 50% rSWC and WP. (f) Association 
between iWUE at 20% rSWC and WP. For all plots, the green lines represent the associated 
linear models. The equations of the linear models are provided along with the associated r2 
values and p-values. 
When comparing the WP of the 12 ecotypes comprising both of the experimental 
watering regimes there was an obvious split in terms of ecotypes displaying adaptive 
 
 
64 
 
plasticity, non-adaptive plasticity, and distinct GxE interactions. Four ecotypes displayed 
consistently higher than average WP across both environments (adaptive plasticity), seven 
displayed consistently lower than average WP across both environments (non-adaptive 
plasticity), and one ecotype displayed opposing differences away from the average WP 
across the environments, which is characteristic of a GxE interaction for WP (Fig 2.13).   
 
Figure 2.14. Adaptive plasticity, non-adaptive plasticity and genotype by environment 
(GxE) interactions for water productivity. Association between the difference from the 
mean water productivity (WP) of the 12 ecotypes across the short dehydration (SD) and 
continuous watering (CW) experimental regimes. The yellow dots denote ecotypes 
displaying non-adaptive plasticity for WP, the orange dots denote ecotypes displaying 
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adaptive plasticity for WP, and the green dot denotes the one ecotype displaying a distinct 
genotype by environment (GxE) interactive effect for WP.    
 
2.3.3 Dimensionality reduction of the climate and trait space 
highlights the variability of life history traits associated with 
water use and water productivity 
I measured and calculated a host of phenotypic traits that pertain to short term and 
long term water use and productivity, including flowering time, vegetative and reproductive 
biomass accumulation, and operational rates of photosynthetic parameters. No physiological 
or growth parameters were observed to be effective in predicting the variation observed for 
reproductive fitness, i.e. seed yield (Fig. 2.4). In concurrence to this, reproductive fitness 
displayed the greatest variation in phenotypic plasticity (Figure 2.6). Additionally, it 
demonstrated elevated levels of evolvability and reduced levels of heritability (Table 2.4), 
suggesting that reproductive fitness is much more sensitive to the environment than other 
physiological and/or developmental traits.  
Due to the above, I hypothesized that a link may exist between climatic history at the 
point of origin of all ecotypes and trait performance. To this end, I obtained biologically 
relevant climatic data relevant to all ecotypes. To identify whether adaptive gradients existed 
for traits relating to water use and productivity and climatic parameters, the dimensionality 
of both the trait and climatic datasets were reduced through PCA. PCA of the climatic dataset 
resulted in five significantly relevant climatic principle component (CPCs; Fig. 2.14). 
Inspection of each component based on loading values facilitated the classification of 
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individual components with regards to the main climatic parameters contributing to each 
principle component (PC; Table 2.5). The first two climate principle components (CPCs) 
explained 56% of the total climatic variation (Fig 2.14b), where CPC1 was characterized 
predominantly by temperature and CPC2 by precipitation levels during the driest periods of 
the year (Table 2.5)  
 
Figure 2.15. Principal component analysis of the climatic dataset. (a) Biplot displaying 
the loading onto climate principal component (CPC) 1 and 2 of the 19 biologically relevant 
climatic parameters (BIO 1-19) from the BIOCLIM dataset that correspond to the point of 
origin of the 46 ecotypes comprising this study. The direction of the arrow represents the 
association of any particular climatic parameter to both climate PC1 and climate PC2 and 
the length of the arrow represents the strength of that relationship. A glossary and list of 
definitions of all the BIOCLIM parameters is available at: www.worldclim.org/bioclim (b) 
Scree plot displaying the percentage of the total climatic variation explained by each climatic 
PC. The horizontal red line denotes the Kaiser-Guttmann significance criterion, where all 
PCs that explain variation greater than that line being considered significant.  
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Table 2.5. Association of each climatic parameter to the five significant climatic 
principle components (PCs) from the climate principal component analysis (PCA). 
Climatic parameters load onto each PC on a scale from -1 to 1, where loadings above 0 
indicate a positive correlation and a loading below 0 indicate a negative correlation. The 
loading values are colored according to their association, where dark blue denotes a highly 
positive correlation and dark red indicate a highly negative correlation. 
 
Additionally, PCA was performed on the 23 trait parameters, again to reduce 
dimensionality. The trait space was reduced to seven statistically significant trait PCs (TPCs; 
Fig 2.15). The first two TPCs explained 40% of the total observable variation for all traits. 
TPC1 was primarily associated with life history traits, including water use, seed yield, water 
Climatic parameter PC1 PC2 PC3 PC4 PC5
BIO 1 - Annual mean temperature 0.36 -0.07 -0.01 -0.02 0.31
BIO 2 - Mean diurnal range -0.07 -0.25 -0.15 0.35 0.03
BIO 3 - Isothermality -0.01 0.24 -0.31 0.29 0.35
BIO 4 - Temperature seasonality -0.29 -0.07 0.16 0.24 0.13
BIO 5 - Max temperature of the warmest month 0.16 -0.34 0.26 -0.17 -0.03
BIO 6 - Min temperature of coldest month 0.37 0.05 -0.11 -0.11 0.23
BIO 7 - Temperature annual range -0.18 -0.31 0.30 -0.05 -0.21
BIO 8 - Mean temperature of wettest quarter 0.06 -0.04 0.45 -0.06 0.21
BIO 9 - Mean temperature of driest quarter 0.31 -0.23 -0.17 -0.07 0.12
BIO 10 - Mean temperature of warmest quarter 0.22 -0.28 0.27 -0.18 0.05
BIO 11 - Mean temperature of coldest quarter 0.38 -0.02 -0.08 -0.10 0.19
BIO 12 - Annual precipitation 0.22 0.12 -0.22 -0.07 -0.43
BIO 13 - Precipitation of wettest month 0.25 -0.02 0.17 0.46 -0.07
BIO 14 - Precipitation of driest month 0.11 0.39 0.24 -0.03 -0.12
BIO 15 - Precipitaton seasonality 0.01 -0.38 -0.12 0.31 0.08
BIO 16 - Precipitation of wettest quarter 0.24 0.00 0.17 0.46 -0.15
BIO 17 - Precipitation of driest quarter 0.16 0.38 0.21 -0.04 -0.13
BIO 18 - Precipitation of warmest quarter 0.10 0.24 0.35 0.31 0.10
BIO 19 - Precipitation of coldest quarter 0.27 -0.12 -0.17 0.13 -0.56
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productivity, and flowering time, whereas TPC2 was characterized principally by strong 
correlations with short term physiological responses to drought, i.e. gs and iWUE (Table 2.6). 
 
Figure 2.16. Principal component analysis of the phenotypic trait dataset. (a) Biplot 
displaying the loading onto trait principal component (PC) 1 and 2 of 23 key phenotypic traits. 
The direction of the arrow represents the association of any particular trait parameter to both 
trait PC1 and trait PC2 and the length of the arrow represents the strength of that 
relationship. (b) Scree plot displaying the percentage of the total climatic variation explained 
by each trait PC. The horizontal red line denotes the Kaiser-Guttmann significance criterion, 
where all PCs that explain variation above this line being considered significant. 
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Table 2.6. Association of each phenotypic trait parameter to the seven significant trait 
principle components (PCs) from the trait principal component analysis (PCA). 
Phenotypic trait parameters load onto each PC on a scale from -1 to 1, where loadings above 
0 indicate a positive correlation and a loading below 0 indicate a negative correlation. The 
loading values are colored according to their association, where dark blue denotes a highly 
positive correlation and dark red indicate a highly negative correlation. 
 
 
 
 
 
 
Phenotypic trait parameter PC1 PC2 PC3 PC4 PC5 PC6 PC7
Rosettte biomass -0.29 0.01 0.08 -0.22 0.26 -0.32 -0.09
Chaff biomass 0.32 0.06 -0.10 -0.23 0.21 -0.28 -0.20
Seed yield 0.29 -0.07 -0.21 -0.24 0.29 -0.16 -0.10
Flowering time -0.31 0.08 0.17 0.12 0.33 0.06 -0.31
Rosette leaves at bud initiation -0.26 -0.05 0.06 0.05 0.39 -0.20 0.01
Rosette area -0.18 -0.11 -0.24 -0.17 -0.32 -0.18 0.32
Short term water-use -0.27 -0.11 -0.21 -0.06 -0.21 -0.36 0.10
E at 100% rSWC 0.16 0.33 -0.12 0.36 -0.11 -0.12 -0.27
A at 100% rSWC 0.11 0.09 -0.21 0.31 0.17 -0.45 0.28
iWUE at 100% rSWC 0.18 -0.30 0.05 0.12 0.24 0.31 0.16
Gs at 100% rSWC 0.11 0.32 -0.09 0.43 -0.12 -0.17 -0.12
E at 50% rSWC 0.04 0.40 0.21 -0.24 0.00 0.10 -0.01
A at 50% rSWC 0.04 0.37 0.01 0.10 0.26 0.05 0.43
iWUE at 50% rSWC 0.04 -0.21 -0.22 0.30 0.35 0.20 0.27
Gs at 50% rSWC 0.11 0.39 0.23 -0.22 0.04 0.05 0.13
E at 20% rSWC -0.14 0.17 -0.45 -0.19 0.06 0.20 -0.12
A at 20% rSWC -0.09 -0.01 -0.39 0.11 0.01 0.27 -0.37
iWUE at 20% rSWC 0.17 -0.27 0.17 0.17 -0.18 -0.12 -0.24
Gs at 20% rSWC -0.15 0.21 -0.42 -0.13 -0.02 0.21 0.07
Calculated water productivity 0.34 -0.12 -0.18 -0.24 0.17 -0.13 -0.16
Calculated water-use -0.41 0.01 0.05 0.10 0.17 -0.09 -0.17
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To test whether a combination of climatic parameters could be harnessed to predict 
multi-phenotypic trait performance, I compared the population (ecotype) scores between the 
significant CPCs and TPCs as per Wolfe & Tonsor (2014) through general linear regressions. 
Three significant general linear regressions were observed; these were between CPC1 and 
TPC6, CPC3 and TPC5, and CPC5 and TPC6 (Fig. 2.16).  The association between CPC1 
and TPC6 suggests that a reduction in temperature and an increase in temperature 
seasonality results in reduced biomass accumulation and water use and consequently an 
increase in WUE (Fig. 2.16). However, this postulation should be approached with caution 
since TPC6 explains very little of the total phenotypic variation (Fig. 2.15b).  
 
Figure 2.17. Associations between the significant climatic and trait principle 
components (CPCs and TPCs). Associations are based on linear regressions between the 
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population (ecotype) scores for the respective PCs. The size of the rectangle denotes the p-
value, where large rectangles represent lower p-values, i.e. greater significance. 
Additionally, the presence of crosses in the rectangles denote non-significant associations. 
The color of the rectangle denotes the direction of the association, where dark red denotes 
a highly negative association and ark blue denotes a highly positive association.   
To gain an insight into the influence of climatic exposure over evolutionary time on 
the ability of ecotypes to adjust trait performance according to present conditions, I tested 
the extent to which phenotypic plasticity is associated with historical climate. This was 
achieved by performing linear regression analysis of plasticity indices for multiple traits with 
biologically relevant climatic parameters for the 12 ecotypes comprising both the SD and 
CW experiments (Table 2.7).  
Plasticity for short term water use was observed to negatively associated with latitude 
and precipitation of the driest quarter (Table 2.7), but it was observed to positively associate 
with precipitation seasonality (Fig. 2.17b).  Plasticity for cWU demonstrated a strong positive 
association with temperature seasonality, where those ecotypes from areas of high 
temperature seasonality displaying the greatest plasticity for water use (Fig. 2.17c). Plasticity 
for flowering time was positively associated with annual temperature (Table 2.7.) and 
temperature seasonality (Figure 2.17a). It was also negatively associated with multiple 
temperature parameters (Table 2.7). The plasticity for the number of rosette leaves at bud 
initiation, which is essentially a proxy for flowering time, was also associated with 
temperature seasonality (positive; Table 2.7) and temperature parameters (negative; Table 
2.7). 
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Table 2.7. Associations between climatic parameters and trait plasticity. Significant 
linear associations between climatic parameters and trait plasticity (RTR indices) for the 12 
ecotypes common to the short dehydration (SD) and continuous watering (CW) experiments. 
The linear regression equation, r-squared value, and p-value of each significant association 
are given.   
 
 
 
 
Climatic parameter Trait plasticity Equation R-squared value p-value
Latitude Short term water-use -0.00x + 0.75 0.36 0.04
BIO 15 - Precipitation seaonality Short term water-use 0.00x + 0.63 0.41 0.03
BIO 17 - Precipitation of driest quarter Short term water-use -0.00x + 0.69 0.34 0.05
BIO 4 - Temperature seasonality Calculated water-use 0.01x + 0.73 0.33 0.05
BIO 1 - Annual mean temperature Flowering time 0.55x + -0.01 0.46 0.01
BIO 4 - Temperature seasonality Flowering time 0.02x + 0.24 0.34 0.04
BIO 6 - Minimum temperature of coldest month Flowering time -0.01x + 0.40 0.57 0.004
BIO 9 - Mean temperature of driest quarter Flowering time -0.01x + 0.45 0.36 0.04
BIO 11 - Mean temperature of coldest quarter Flowering time -0.01x + 0.44 0.58 0.003
BIO 4 - Temperature seasonality Rosette leaves at bud initiation 0.05x + 0.30 0.42 0.02
BIO 6 - Minimum temperature of coldest month Rosette leaves at bud initiation -0.02x + 0.62 0.37 0.03
BIO 11 - Mean temperature of coldest quarter Rosette leaves at bud initiation -0.02x + 0.68 0.35 0.04
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Figure 2.18. Associations between climate and phenotypic plasticity for flowering time 
and water use. (a) Significant positive linear relationship between temperature seasonality 
and plasticity for flowering time. (b) Significant positive linear relationship between 
precipitation seasonality and plasticity for short term water use. (c) Significant positive linear 
relationship between temperature seasonality and plasticity for calculated water use. For all 
plots, the green fit line represents the associated linear models. The equations of each linear 
model are provided along with appropriate r2 values and p-values.  
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2.4  Discussion 
2.4.1  Phenotypic plasticity along climatic gradients  
Arabidopsis has evolved different life history strategies to adapt to a wide range of 
growing environments and seasons (Hoffmann, 2002, 2005; Mitchell-Olds & Schmitt, 2006; 
Banta et al., 2012). As such, it has been suggested that local adaptation requires 
environment-dependent variation in fitness (Hancock et al., 2011; Agren & Schemske, 2012; 
Easlon et al., 2014), however little is known about the mechanisms that link genetic variation 
to fitness along global climatic environments. Understanding these biological mechanisms 
is vital, because phenotypic plasticity, either adaptive or non-adaptive, is essential for plants 
to adjust to changes in either or both natural habitats and environmental stress situations 
(Ghalambor et al., 2007), as such it has both agricultural and ecological implications.  
As part of this chapter, I investigated a set of ecotypes that represent a diverse range 
of climatic environments at their sites of origin (Fig. 2.1). Studying the relationship between 
climate and trait plasticity produced mixed results, with only plasticity for water use and 
flowering time showing significant associations with climatic history (Table 2.17). In general, 
as precipitation and temperature becomes more variable during the growing season, 
plasticity for flowering time and water use increased correspondingly. This suggests that the 
ability to alter performance of these traits (plasticity) is vital for continued persistence in 
environments that are characterized by inconsistent climatic conditions (Fig. 2.17). This idea 
is further supported by the plasticity observed for key traits, namely water use and 
productivity across the two experimental watering regimes (Fig. 2.6), which is discussed 
below.   
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With respect to fitness (seed yield), the performance of the 12 ecotypes across the 
SD and CW experiments was somewhat variable. Half of the ecotypes displayed distinct 
GxE interactions, with the remaining six ecotypes being split in half again, with three 
displaying adaptive plasticity and another three displaying non-adaptive plasticity (Fig. 2.7a). 
However, we observed no association between plasticity or performance of these traits with 
climate, suggesting these dynamics depend on a combination of allelic state as well as the 
prevailing environmental conditions (Hancock et al., 2011; Agren & Schemske, 2012; Des 
Marais et al., 2012; Agren et al., 2013; Easlon et al., 2014).  
Traits pertaining to reproductive fitness or yield are often highly dynamic and sensitive 
to the environment. For this reason, traits such as flowering time and plant architecture are 
often employed as proxies of fitness, because they are far less sensitive to the environment. 
This has been documented previously by Jiaqin et al (2009) and it is further demonstrated 
as part of this study (Fig. 2.6). Due to their relative stability, genetic mapping for these proxy 
traits is much more likely to be successful in terms of basic gene and/or QTL discovery, as 
opposed to mapping for traits directly pertaining to yield. This is clearly a major advantage; 
however genetic loci identified in this manner are not guaranteed to contribute to yield 
stability or improvement in different environments (Fig. 2.4).  
As part of this study, I have demonstrated the existence of highly significant genetic 
correlations between functionally related physiological traits. Despite this, I did not observe 
any significant relationships between traits that are typically considered proxies of seed yield 
in Arabidopsis, such as flowering time, photosynthesis, or vegetative biomass (Fig. 2.4). It 
has been suggested that the lack of association between photosynthetic parameters and 
fitness, or biomass accumulation in general, is because the snapshot parameters do not take 
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daily and seasonal variation into account, nor do they account for changeable environmental 
conditions, which may differ from measurement point to measurement point. Therefore, 
these kind of measures do not provide an integrated measure of photosynthetic performance 
over the life time of the plant (Long et al., 2006; Lawson et al., 2012; Driever et al., 2014). 
Despite this explanation for the neutral photosynthetic association with yield, it is important 
to note the lack of association between flowering time, vegetative biomass, and iWUE. These 
traits are often used as indicators, or physical markers, of reproductive performance, 
especially within the Arabidopsis research community (Korves et al., 2007; Nord & Lynch, 
2008; Christman et al., 2009; Todesco et al., 2010; Verslues & Juenger, 2011; Ruts et al., 
2012; Suter & Widmer, 2013; Rosas et al., 2014; Campitelli et al., 2016) . Based on the 
observations described here however, it is apparent that under these two watering regimes, 
which are representative of conditions that would commonly be encountered by field grown 
plants, these proxies are ineffective. It is therefore vital that reproductive performance is 
assessed directly. 
 2.4.1  Relationship between water use and flowering time 
To achieve greater yield under drought conditions or minimal water inputs, it is 
important to maximize the yield for each unit of water used by the plant. With this goal in 
mind, iWUE is often considered an important determinant of yield under water limited 
conditions, as well as being a key component of drought resistance (McKay et al., 2003; 
Juenger & Mckay, 2005; Masle et al., 2005; Kenney et al., 2014; Easlon et al., 2014).  
I tested the relationship between iWUE, gs, A, short term and long term water use, 
and productivity in two different experimental watering regimes. These traits are clearly 
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important in mediating drought resistance, almost exclusively through stomatal regulation of 
water loss, which can be presumed to affect the rates of all five traits. However, 
understanding the basis of drought resistance was consciously not the objective of this study. 
This was predominantly because drought resistance has been documented not to contribute 
to growth (Skirycz et al., 2011). Growth is a key determinant of productivity, however 
survivability, as mediated by drought resistance, is regulated by different mechanisms 
(Skirycz et al., 2011). Furthermore, drought conditions are known to divert resources away 
from growth and productivity and toward survival mechanisms (Levit, 1972; Blum, 2005).  
The overarching aims of this study were to investigate the heritable basis of and 
relationship between water use and productivity trait parameters, as alternative assessment 
of plant performance. There has been a significant body of work which proposes the effective 
use of water as a far more important parameter to consider when looking at plant productivity 
under the context of reduced water availability (Reviewed in: Blum (2009). This idea is 
supported by my observations that iWUE correlated with gs and E (Fig. 2.4), but not with A 
(Fig 2.4). Thereby suggesting that changes in WUE are driven primarily by changes in E that 
are in turn brought about by changes in gs (Figs. 2.4, 2.5). Variation in A does not appear to 
genetically correlate with variation in iWUE (Fig. 2.4). This is complimentary to previous work 
where stomatal limitations were observed to be the main driver of reductions in carbon 
assimilation in Arabidopsis under well-watered and drought stress conditions, respectively 
(Easlon et al., 2014; Bechtold et al., 2016). Furthermore, and with respect to photosynthetic 
measurements performed at 100% and 50% rSWC, A showed substantially lower degrees 
of broad sense heritability than gs (Table 2.4), which indicates that selecting for improved 
WUE in Arabidopsis largely depends on the genetic variation of the stomatal response to 
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water limitations (Lawson & Blatt, 2014; Easlon et al., 2014). Similar observations have been 
documented in domesticated species, where breeding for enhanced WUE has led to 
impaired plant productivity, as high WUE is often achieved through stomatal closures, which 
improves water use but imposes constraints on biomass accumulation, be it vegetative or 
reproductive (Blum, 2005; Chaves et al., 2009; Pinheiro & Chaves, 2011; Lawson & Blatt, 
2014).   
With respect to the above it is also worth remembering that the majority of elite crop 
varieties have been bred through programs that have selected for improved yields under 
conditions where there is a plentiful supply of water (Condon et al., 2004; Fess et al., 2011). 
Furthermore, they are commonly grown and harvested under such conditions also (Morison 
et al., 2008). For this reason, they typically fail to optimize stomatal behavior under water 
limited conditions (Fischer et al., 1998). It is difficult to directly translate results obtained from 
studies of this nature into crop improvement efforts, since Arabidopsis is an undomesticated, 
model species. However, these results do yield information regarding the importance of key 
traits for water use and productivity in a species that has not been bred to disregard water 
use in pursuit of maximal rates of photosynthesis and productivity. Additionally, elucidating 
the genetic basis of such key traits in Arabidopsis, or other model species, may form the 
foundations of crop improvement programs through multiple avenues, such as direct 
transgenic approaches.  
Flowering time was positively associated with total plant water use (Fig. 2.11), but not 
iWUE, where the genetic correlation was neutral at 100% and 50% rSWC and significantly 
negative at 20% rSWC (Fig. 2.12). Previous studies have shown a positive correlation 
between integrated measures of WUE and flowering time, indicating that plants with longer 
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lifespans exhibit higher WUE, which would presumably be accompanied by reduced water 
consumption, or long term water use (McKay et al., 2003, 2008; Kenney et al., 2014). This 
is in contrast to much earlier studies on seasonal water use, which suggest that water use 
is increased in longer growing seasons (Penman & Schofield, 1951; Milthorpe, 1960). 
Therefore, selection for increased WUE under water limiting conditions would be expected 
to develop traits that limit plant water use. This is indeed the case, as demonstrated by the 
transition to early flowering and/or smaller leaf areas in crop plants that have been selected 
in this manner (White et al., 1990; Ngugi et al., 1994; Menendez & Hall, 1995; Sayre et al., 
1995; Martin et al., 1999). In this study, genetic variation for flowering time was evident 
across the diverse selection of ecotypes, resulting in genetic variation for water use. In 
addition, flowering time as a life history or productivity associated trait, showed no correlation 
with reproductive performance (Fig 2.4), which suggests that flowering may be an important 
survival trait (Kenney et al., 2014; Kooyers, 2015), but not a maximizing productivity trait, at 
least under the environmental conditions described and employed in this study. 
It was highly interesting to note that water use measured on daily basis correlates 
positively with long term water use. Suggesting that although the latter is highly dependent 
on flowering time, ecotypes characterized by increased water use will use more water on 
both the short and long term (Fig. 2.12). Those ecotypes that used the least water daily were 
the smallest, e.g. C24 and Ct-1, and produced the greatest amount of reproductive product. 
This provides further demonstration that it is feasible to combine reduced water use and 
productivity and that the two are independent from one another.  
The results constituting this chapter shed light on the inefficiency of using commonly 
employed proxy traits for predicting reproductive performance. It is vital that productivity is 
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assessed as a unique trait or as a factor of long term, i.e. WP, or calculated water use, i.e. 
cWP. These fitness related traits display much greater plasticity than traits such as flowering 
time, which appear far more stable and less sensitive to the environment. This stability is 
likely to have contributed to the widespread and continued implementation of non-plastic 
traits as proxies for yield in breeding programs and biological studies, especially within the 
Arabidopsis community. 
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3. A detailed survey of the diversity of water use 
and productivity related traits in 13 Arabidopsis 
ecotypes in outdoor and controlled environment 
conditions 
3.1 Introduction 
 The preceding Chapter validated the importance of assessing or calculating long term 
measures of water use and productivity, compared to commonly employed proxies such as 
flowering time or operational measures of photosynthesis. The general conclusions pointed 
toward the erroneous nature of such proxies and suggested that water use and productivity 
are in fact more agronomically relevant traits of interest than drought resistance and/or WUE. 
Chapter Two provided an extensive assessment of the natural variation that exists for water 
use and productivity in Arabidopsis and the physiological parameters that do and do not 
relate to this variation. However, there are still unanswered questions surrounding the 
effectiveness of further proxy parameters, namely potential photosynthesis and δ13C. These 
parameters have been extensively employed as proxies of plant performance (Condon et 
al., 2004; Parry et al., 2011; Vadez et al., 2014; Koester et al., 2016), however there have 
been no previous assessments of their relatedness to reproductive performance or water 
use in Arabidopsis.   
It is highly likely that the primary determinant of reproductive performance in 
domesticated and undomesticated species is the cumulative rate of photosynthetic 
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assimilation over the course of plants’ lifecycle (Lawson et al., 2012; Long et al., 2015). As 
demonstrated in the previous Chapter, instantaneous or snapshot measures of operational 
photosynthesis at the per unit area of leaf level are in fact neutrally associated with biomass 
accumulation (Richards, 2000). This is very likely due to instantaneous measures of 
photosynthesis being unrepresentative of lifetime rates, a hypothesis supported by the 
demonstration that improved photosynthetic capacity can increase biomass accumulation 
(Kruger & Volin, 2006; Long et al., 2006) and yield (Fischer et al., 1998). Despite the 
empirical evidence, the natural variation that exists for potential photosynthetic rates is only 
beginning to be explored (Driever et al., 2014). A more complete understanding of how 
genetic variation for maximal or potential rates of photosynthesis relates to biomass 
accumulation is required in order to make meaningful assertions as to how photosynthesis 
may be exploited to improve reproductive output under the context of abiotic stress.  
The ratio of naturally occurring carbon isotopes in plant tissue, i.e. δ13C, has been 
extensively employed as a marker of WUE since it was first demonstrated as a highly 
accurate marker of the latter by Farquhar & Richards (1984). Yet, it should be noted that the 
nature of δ13C as a marker for WUE is based on its relationship to iWUE, i.e. the ratio of A 
to gs. The relationship between δ13C and actual WUE, i.e. the ratio of biomass to plant water 
use or evapotranspiration, has been largely underexplored with inconsistent results obtained 
thus far (Condon et al., 2004; Morison et al., 2008) Regardless, δ13C has been employed in 
numerous previous efforts to assess natural variation for WUE in Arabidopsis (E.g. Kenney 
et al., 2014; Easlon et al., 2014). One of the fundamental conclusions of these studies is the 
positive genetic correlation between WUE and flowering, where plants that flower later have 
improved WUE. This conclusion is further reflected through the identification of QTLs 
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controlling flowering time when performing genetic mapping for δ13C (McKay et al., 2003, 
2008; Juenger & Mckay, 2005; Lovell et al., 2015). Despite the extensive application of δ13C 
as a trait of interest for assessing plant performance under the context of reduced water 
availability, no studies have thus far determined its usefulness for predicting reproductive 
and/or vegetative performance, or lifetime water use in Arabidopsis. It would be of significant 
interest to thoroughly assess the relationship between δ13C and both water use and 
productivity in Arabidopsis in order to better inform future work for this field of study.     
As part of both the Introduction and the preceding results Chapter, I have described 
the tendency for studies assessing natural variation in Arabidopsis to do so under controlled 
environment conditions that reflect exceptionally long days, often in excess of 16 hours of 
light. Such conditions naturally give rise to early flowering (E.g. McKay et al., 2003; Juenger 
& Mckay, 2005; Hausmann et al., 2005). This is a point worth noting since the majority of 
Arabidopsis ecotypes are winter annuals (Schmitz & Amasino, 2007), as such they are 
naturally subjected to very short photoperiods and flower in the spring when day length has 
begun to markedly increase. This progression is to some extent reflected by the short 
dehydration and continuous watering experiments employed as part of the present study. 
The winter annual lifestyle of the majority of Arabidopsis ecotypes could suggest that 
experimental subjection of such ecotypes to unnaturally long photoperiods may achieve 
conclusions that are biological questionable in terms of their translational significance for 
agricultural or ecological systems. It is likely that this is especially true when assessing 
mechanisms relating to water use or drought resistance, since these phenomena are often 
closely linked to flowering time (Verslues & Juenger, 2011). For example, Riboni et al (2013) 
recently demonstrated that the induced drought escape mechanism in Arabidopsis is 
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promoted by drought mediated upregulation of florigens in an ABA and photoperiod 
dependent manner, so that early flowering, i.e. drought escape, can only occur under long 
days.  
As well as external environmental parameters, the biological composition of 
agricultural and ecological systems can have an enormous effect on individual plant 
performance. Numerous empirical ecological studies have demonstrated that increased 
degrees of intra- and interspecific genotypic diversity drive elevated above-ground 
productivity under optimal conditions and/or stabilize productivity following a period of abiotic 
and/or biotic stress (Hector et al., 1999; Van Ruijven & Berendse, 2005; Roscher et al., 
2011). Stabilized productivity achieved in this manner is referred to as ecological stability 
and can arise through both resistance and resilience. Here, resistance refers to the ability of 
an ecological system to resist change in response to perturbations, whereas resilience refers 
to the ability of a system to retransition to its pre-perturbation state upon the reoccurrence of 
ideal conditions (Reviewed in: Tilman et al., 1996). The ability to translate the ecological 
phenomena of diversity-driven stability to crop systems has been proposed as a means to 
improve yield outputs in the face of global climatic change (Li et al., 2009). Despite this 
interest, no published studies have described attempts to understand the impact of intra-
specific diversity in managed planting designs with respect to reduced water availability. 
However, in a similar vein Creissen et al (2013) recently compared the reproductive 
performance of monocultures and genotypic mixtures of Arabidopsis ecotypes in response 
to nutrient stress. This particular study demonstrated that polycultures achieve stabilized 
yields through compensation. That is to say ecotypes that are less susceptible to reduced 
nutrient availability or have improved nutrient use efficiency compensate for those that are 
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susceptible or have reduced nutrient use efficiency. The ability of genotypic diversity to 
achieve stabilization in Arabidopsis has only been demonstrated in controlled environment 
conditions as part of the Creissen et al (2013) study. Furthermore, there have been no prior 
attempts to understand the effect of this type of diversity in relation to reduced water 
availability. A broader understanding to this end may assist in predicting the usefulness of 
employing diversity-driven agroecological cropping systems in areas where climatic 
incidences of drought are frequent. 
 The research constituting this present chapter was undertaken in order to test the 
usefulness of δ13C for pertaining information regarding eventual biomass accumulation and 
calculated water use using a short dehydration experiment. The experimental designs 
adopted for the previous chapter involved a very strict transition from short- to long-day 
conditions. In general, Arabidopsis-based natural variation studies of this nature are 
performed under long-day conditions (E.g. McKay et al., 2003; Juenger & Mckay, 2005; 
Hausmann et al., 2005). For this reason, I tested the effect of both long and short days on 
long term water use and water productivity using previously described continuous watering 
experiments. To further assess the impact of environmental conditions and in order to obtain 
a more applied understanding of the effect of water availability on plant performance, I 
performed an outdoor garden experiment using select ecotypes grown under covered, i.e. 
drought, and uncovered, i.e. well-watered, conditions. Furthermore, the garden experiment 
was sub-divided into ecotypes grown in monocultures and polycultures to address 
hypotheses regarding the potential for genotypic mixtures to stabilize plant performance 
during abiotic stress.   
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3.2  Materials & Methods 
3.2.1 Plant Material and Growth Conditions 
Seed for all ecotypes comprising this study were obtained from NASC (Scholl et al., 
2000). This present study included 13 ecotypes that were selected based on isolation 
following hierarchical clustering on key traits as described in the previous Chapter (Fig. 2.3). 
The 13 ecotypes studies were as follows: C24, Col-0, CIBC-5, Est-1, Ler-0, Fei-0, Kin-0, Ct-
1, HR-5, Cvi-0, Se-0, Ei-2, and Kondara.  
All plants were grown in peat-based compost (Levington F2+S, The Scotts Company, 
Ipswich, UK) and were subjected to a three-day period of stratification to promote 
germination. Following stratification, all plants were grown in the controlled environment 
room, where conditions were exactly as described in Chapter Two (Section 2.2). Following 
set periods of time and experimental conditions, plants comprising the short dehydration and 
continuous watering experiments were transferred into the glasshouse, where conditions 
were also exactly as described in Chapter Two. Those plants comprising the garden 
experiment were transferred to an outdoor garden environmental setup, where climate was 
somewhat variable, as described below.    
3.2.2 Short dehydration experiment 
The short dehydration experiment was exactly as described in Chapter Two. Briefly, 
all plants were grown in pots containing the same volume of soil. Pots were dried down from 
~100% to ~20% rSWC, at which point they were re-watered and transferred to the 
glasshouse, where they were kept well-watered. Two short dehydration experiments were 
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performed. The first of these was performed to assess the significance of a short dehydration 
period in terms of reproductive performance; as such it was performed alongside a controlled 
experiment where plants were kept continuously well-watered. The ecotype Est-1 failed to 
germinate as part of this experiment, so this ecotype was not included in this experiment. 
For both short dehydration experiments and the control well-watered experiment, 15 
biological repeats of each ecotype were grown. 
With respect to the second short dehydration experiment, short term water use, 
flowering traits, and biomass accumulation were recorded for all ecotypes (n = 15). These 
parameters were used to calculate water use (cWU) and water productivity (cWP). 
Additionally, the ratio of total above ground biomass to cWU was also estimated as 
calculated WUE (cWUE). Operational rates of photosynthesis were assessed for every 
ecotype (n = 4) at the same time every day during the short dehydration period through infra-
red gas exchange analysis as described in Chapter Two. 
The ratio of the natural isotopes of carbon, i.e. 13C/12C or δ13C, was assessed for all 
ecotypes (n =4) comprising the second short dehydration experiment at the point at which 
their respective rSWCs were approximately 40%. The ratio of naturally occurring carbon 
isotopes acts as a proxy for WUE to which it is positively linked to, i.e. the biological sample 
with the least negative value for δ13C represents the plant with the greatest WUE. δ13C 
provides a lifetime integrated measure of WUE, as opposed to the snapshot measures 
obtained from leaf level gas exchange measurements. To reduce the effect of noise from 
soil respiration, two fully developed upper rosette leaves were harvested for δ13C analysis. 
For each biological repeat, δ13C was measured as per Roussel et al (2009). Briefly, 1mg of 
lyophilized, pulverized rosette leaf tissue were measured for δ13C using a continuous flow 
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isotope ratio mass spectrometer coupled to an elemental analyzer as described in. δ13C was 
calculated as: (Rs – Rb)/Rb x 1000, where Rs and Rb  represent the 13C/12C ratio in the 
samples and in the Pee Dee Belemnite standard respectively (Craig, 1957). Additionally, the 
percent content of carbon and nitrogen were also assessed as part of this analysis. 
3.2.3  Continuous watering experiment  
Two continuous watering experiments were performed, one under long-day 
conditions and one under short-day conditions. Both were performed in the same manner 
as the continuous watering experiment described in the previous Chapter. Briefly, all plants 
were grown in pots containing the same volume of soil. The soil of all pots was covered with 
transparent plastic beads to minimize transpiration from the soil. A 5ml pipette tip was 
inserted into the soil to facilitate watering with precise volumes of water. The rSWC of all 
plants was maintained at 40% daily from the point of initiation of the continuous water regime, 
which was different for the long day and short day experiments. With these experiments 
measured water use (mWU) and measured water productivity (mWP) were determined, as 
well as flowering and biomass parameters (n = 15).  
All plants comprising both continuous watering experiments were germinated as per 
the short dehydration experiment in the same soil type. All plants remained in the controlled 
environment (short day conditions), where they were kept well-watered until transfer to the 
glasshouse (long day conditions). The continuous watering regimes were initiated 
immediately upon entering the glasshouse. Those plants comprising the short-day 
experiments were transferred to the glasshouse at 50 days old and those comprising the 
long day experiments were transferred at 25 days old. As with the previous continuous 
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watering experiment, watering was ceased on the day of opening of the final flower on a 
plant-by-plant basis.   
3.2.4  Additional experiments and parameters assessed 
Those plants that encompassed the first short dehydration experiment were used to 
assess potential rates of photosynthesis before commencement of the drying period (n = 4 
for each ecotype). These measurements were made using the same portable infra-red gas 
exchange systems used for the previously described operational photosynthesis 
assessments. Potential photosynthesis measurements were performed on randomly 
selected, fully expanded, upper rosette leaves of plants between 50-54 days old. The 
response of CO2 assimilation (A) to changes in the intracellular CO2 concentration (Ci) were 
measured under a saturating red light irradiance of 576 µmol photons m-2 s-1, a leaf 
temperature of 20.1⁰C (± 1.3⁰C), and a vapor pressure deficit (VPD) of 0.7 kPa (±0.01 kPa). 
To assess the response of A to changes in Ci, the extracellular CO2 concentration (Ca) was 
incrementally decreased from its ambient starting point of 400 µmol mol-1 to 250, 150, and 
50 µmol mol-1. Subsequently, Ca was incrementally increased to 300, 400, 600, 800, 1200, 
and 1500 µmol mol-1. Readings of A were logged after they had stabilized to the incremental 
Ca conditions, which typically took between 1.5-2 minutes. The data obtained from the A/Ci 
response measurements were used to determine the maximum velocity of Rubisco for 
carboxylation (Vcmax) and the maximum rate of electron transport demand for RuBP 
regeneration (Jmax) through curve fitting as describe in Sharkey et al (2007). Furthermore, 
light saturated CO2 assimilation rates (Amax) were determined through calculating mean A 
at the two points where Ca was set at 400 µmol mol-1. 
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3.2.5  Garden experiment  
Six of the full set of ecotypes, namely Col-0, Ct-1, C24, Se-0, Est-1, and HR-5, were 
randomly selected to be incorporated as part of the garden experiment. Plants were grown 
within raised 1m2 troughs filled with the same soil type used for the short dehydration and 
continuous watering experiments. After stratification, plants were grown in the previously 
described controlled growth room for 35 days, at which point they were transferred to the 
garden experimental location.  
The garden experiment consisted of four experimental treatments; Monoculture 
covered, monoculture uncovered, polyculture covered, and polyculture uncovered. The 
monoculture treatments consisted of Col-0 plants only (n = 20), whereas the polyculture 
treatments consisted of all six ecotypes (n = 15). For all treatments, plants were grown in 
rows at a consistent density of one plant every 8cm as per a randomized design, where the 
rows were also 8cm apart. 
The two covered treatments employed raised, static rainout shelters constructed from 
UV treated polythene sheets to minimize rainfed water, thereby simulating natural drought 
conditions. These shelters completely prevented any rainwater reaching the soil during the 
experimental drought period. Additionally, they did not significantly impact upon the 
wavelengths of light penetrating through to plant level, nor did they alter the air temperature 
at plant level. The uncovered treatment troughs did not have associated rainout shelters.  
The soil for both the covered and uncovered treatments was kept well soaked until 
the plants were 50 days old, at which point a drought period was initiated for the covered 
treatments where watering was completely stopped and never reinitiated. The soil of the 
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uncovered treatments remained well watered during this time. The weather was continually 
monitored and recorded from two weeks before the drought period and until the end of the 
experiment. Weather was monitored and recorded using an Aercus Instruments WS2083 
Professional Wireless Weather Station (http://www.aercusinstruments.com), which was 
placed adjacent to the four troughs. 
Flowering time (bud emergence) and the number of rosette leaves at the point of 
flowering was recorded. Upon the opening of the final flower, plants were bagged to prevent 
seed loss through silique shattering. Upon bagging, plants were cut below the rosette and 
allowed to completely dry down. The biomass components (Rosette, chaff, seed yield) were 
then separated and weighed. Additionally, the average plant height of all ecotypes from all 
treatments was measured just before bagging.   
3.2.6  Statistical analyses 
All statistical analyses relevant to this study were performed with the R software 
environment for statistical computing and graphics (R Development Core Team, 2008). As 
an initial investigation of the associations of parameters, the Pearson’s r rank correlation 
coefficients were computed between all possible pairs of trait parameters. This was achieved 
with using the rcorr() function from the Hmisc package (Harrell, 2006). Subsequently, 
significant associations (P-value < 0.05) of interest between parameters were investigated 
further through fitting simple linear regression models using the lm() function in the R base 
code. The relationship between all the traits assessed as part of the garden experiment were 
also investigated through PCA using the prcomp() function, also part of the R base code. - 
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One-way ANOVA comparison of means tests were performed to test for differences 
between ecotypes for multiple traits and to tests for differences between the treatments 
employed as part of the garden experiment. One-way ANOVAs were performed using the 
aov() R base code function and concurrent post-hoc Tukey tests. This was achieved via 
Tukey Honest Significant Difference (HSD) tests using the HSD.test() function from the 
‘agricolae’ R package (de Mendiburu, 2016). Two-way and Three-way ANOVA comparison 
of mean statistical tests were performed in unison with one-way ANOVA tests to detect 
experiment-wide error where appropriate. This was also achieved using the aov() function in 
R.  
3.3 Results and Discussion 
3.3.1 The effect of short dehydration on flowering time and seed 
yield 
 Flowering time and reproductive performance were assessed for 13 ecotypes that 
represent a substantial proportion of the natural variation observed in Chapter Two (Fig. 2.1; 
2.3). The difference in phenotypic traits was assessed for all ecotypes grown under both 
well-watered and short dehydration conditions. The well-watered experimental conditions 
represented a control to assess the effect of a short dehydration period on these key 
parameters. Only three ecotypes, namely Kondara, Ler-0, and C24, demonstrated 
significantly different flowering times as part of the short dehydration experiment. Kondara 
and Ler-0 appeared to delay flowering in response to the short dehydration period, whereas 
C24 appeared to initiate early flowering indicating a drought escape strategy as determined 
through one-way ANOVA testing (Fig. 3.1). The results from a two-way ANOVA comparison 
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of means test where the effect of ecotype and treatment, and their interaction, on flowering 
time was tested confirmed the statistical significance of variation in flowering time between 
the ecotypes but did not detect an effect of treatment, since the effect was null for the majority 
of the ecotypes and opposing for the aforementioned ecotypes (Table 3.1) Neither Kondara, 
Ler-0, nor C24 demonstrated significantly different reproductive performance in response to 
short dehydration. Indeed, only the Kin-0 ecotype appeared to have altered reproductive 
biomass accumulation, where seed yield increased in response to the short dehydration (Fig. 
3.2). A two-way ANOVA for seed yield demonstrated the statistically significant difference in 
reproductive output of the various ecotypes (Table 3.2). An effect of seed yield due to the 
watering treatment was also detected, but this was only due to the difference in seed yield 
for the Kin-0 ecotype between the treatments (Table 3.2, Fig. 3.2). 
The above suggests that the short dehydration period does not represent a severe 
drought stress. It is objectively visible that Arabidopsis does respond to the extended period 
of no water input, since wilting occurs. Wilting is more severe for those ecotypes that have 
elevated drying rates, i.e. increased short term water use. Additionally, results from the 
present and previous Chapters demonstrated that physiological changes occur as the short 
dehydration period persists and these changes are what would be expected from a drought 
response (Figs. 2.5, 3.7, 3.8). However, upon re-watering all ecotypes appear to visibly 
recover in less than one hour.  Despite this, the relative lack of effect of short dehydration on 
either flowering time or productivity provides encouragement that calculated estimates of 
water use and water productivity are not influenced by drought-induced early flowering 
and/or diverting of resources away from reproductive output and toward defensive 
mechanisms. 
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Figure 3.1. Boxplots describing the variation for flowering time demonstrated by the 
ecotypes grown as part of parallel short dehydration (red) and well-watered 
experiments (blue). Red asterisks denote significant differences between the same ecotype 
grown under short dehydration and well-watered conditions, where *** = P < 0.001, ** = P < 
0.01, and * = P < 0.05. The bold line in the center of the boxplots represents the median, the 
box edges represent the 25th (lower) and 75th (upper) percentiles, the whiskers extend to the 
most extreme data points that are no more than 1.5x the length of the upper or lower 
segment, and points away from the whiskers indicate extreme outliers. N = 15. 
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Table 3.1. Results from a two-way ANOVA to test for effects of ecotype and treatment (well-
watered and short dehydration) on flowering time of the 13 ecotypes comprising the initial 
short dehydration experiment. 
 
 
Figure 3.2. Boxplots describing the variation for seed yield demonstrated by the  
ecotypes grown as part of parallel short dehydration (red) and well-watered 
experiments (blue). Red asterisks denote significant difference between the same ecotype 
grown under short dehydration and well-watered conditions, where *** = P < 0.001, ** = P < 
0.01, and * = P < 0.05. The bold line in the center of the boxplots represents the median, the 
box edges represent the 25th (lower) and 75th (upper) percentiles, the whiskers extend to the 
most extreme data points that are no more than 1.5x the length of the upper or lower 
segment, and points away from the whiskers indicate extreme outliers. N = 15. 
Source Sum of squares Degrees of freedom Mean square F-value P-value
Ecotype 7583 11 689.4 40.552 < 0.0001
Treatment 45 1 44.8 2.636 0.1053
Ecotype:Treatment 611 11 55.6 3.269 < 0.0001
Residuals 5950 350 17
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Table 3.2. Results from a two-way ANOVA to test for effects of ecotype and treatment (well-
watered and short dehydration) on seed yield of the 13 ecotypes comprising the initial short 
dehydration experiment. 
 
3.3.2  Natural variation for potential photosynthesis 
 The response of A to changes in Ci was assessed to estimate photosynthetic capacity 
parameters, i.e. Amax, Jmax, and Vcmax. A/Ci response curves were performed between 45-50 
days before the onset of the short dehydration period and allowed for direct comparisons 
between the parameters and multiple other assessed phenotypic traits in order to ascertain 
the effectiveness of utilizing potential photosynthetic rates as a means of predicting plant 
performance. There was only a very small degree of variation for photosynthetic capacity 
between the ecotypes. No significant differences were detected between any two ecotypes 
for Amax. For Jmax, only C24 and Fei-0 were significantly different from one another, with all 
other ecotypes being comparable with each other and these two ecotypes. Vcmax represented 
the potential photosynthetic parameter with the most natural variation, but there were still 
only two significantly different post-hoc groups identified (Fig. 3.3). 
Despite the lack of variation for potential photosynthetic capacity, significant positive 
associations were demonstrated between Vcmax and both the accumulation of chaff biomass 
and cWUE (Fig. 3.4). This initially suggests that those ecotypes that demonstrate rapid rates 
of Rubisco carboxylation also accumulate elevated levels of biomass. However, it should be 
Source Sum of squares Degrees of freedom Mean square F-value P-value
Ecotype 0.9912 11 0.9011 15.589 < 0.0001
Treatment 0.46 1 0.046 7.959 < 0.01
Ecotype:Treatment 0.0735 11 0.00668 1.156 0.3174
Residuals 1.7341 300 0.00578
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noted that significant associations between Vcmax and other biomass parameters, namely 
rosette biomass and seed yield, were not detected. This perhaps suggests that Vcmax is 
particularly related to chaff and total biomass as a function of water use and not biomass 
accumulation in general.  
 
Figure 3.3. Boxplots describing the natural variation for (a) Amax, (b) Jmax, and (c) Vcmax 
before the initiation of a short dehydration period. The letters above the individual 
boxplots denote post-hoc Tukey groupings. Those ecotypes with the same letters above 
boxplots for specific traits are not significantly different (P > 0.05) from one another. The bold 
line the center of the boxplots represents the median, the box edges represent the 25th 
(lower) and 75th (upper) percentiles, the whiskers extend to the most extreme data points 
that are no more than 1.5x the length of the upper or lower segment, and points away from 
the whiskers indicate extreme outliers. N = 4. 
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Figure 3.4. Relationship between Vcmax and both (a) calculated water use efficiency 
(cWUE) and (b) chaff biomass. The bold fit line represents the equation of the linear 
regression model. The adjacent dashed lines represent the lower and upper 95% confidence 
intervals. The P-value and adjusted r2 value associated with the linear model are provided 
for each association.  
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3.3.3  Contribution of δ13C, %N, and %C to biomass accumulation 
and water use 
 During the short dehydration experiment tissue from all ecotypes was harvested at 
40% rSWC to analyze the percent content of nitrogen and carbon in dry leaf matter. 
Additionally, δ13C was also assessed as a proxy of WUE. Substantial variation was 
demonstrated for these parameters. Five and four post-hoc Tukey groups were identified 
post-ANOVA for percent nitrogen content and percent carbon content respectively (Fig 3.5). 
For nitrogen, C24 had and Se-0 the lowest percentage (Fig. 3.5a). Interestingly, these two 
ecotypes were similar for percent carbon content, where the most extreme ecotypes here 
were CIBC-5 and Cvi-0 (Fig. 3.5b). δ13C also demonstrated significant genetic variation, 
where there were five post-hoc groups detected. The C24 ecotype is noted for demonstrating 
markedly reduced δ13C, i.e. high WUE. As with total carbon content, Cvi-0 also demonstrated 
the lowest δ13C and was signficantly different from all other ecotypes (Fig. 3.6). 
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Figure 3.5. Boxplots describing the percentage content of (a) nitrogen and (b) carbon 
in leaf tissue of the 13 Arabidopsis ecotypes as measured at ~40% relative soil water 
content during a short dehydration period. The letters above the individual boxplots 
denote post-hoc Tukey groupings. Those ecotypes with the same letters above boxplots for 
either of the two traits are not significantly different (P > 0.05) from one another. The bold 
line in the center of the boxplots represent the median, the box edges represents the 25% 
(lower) and 75% (upper) percentiles, the whiskers extend to the most extreme data points 
that are no more than 1.5x the length of the upper and lower segment, and points away from 
the whiskers indicate extreme outliers. N = 4. 
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Figure 3.6. Boxplots describing the ratio of 13C to 12C isotopes (δ13C) in leaf tissue of 
the 13 ecotypes at ~40% relative soil water content during a short dehydration period. 
The letters above the individual boxplots denote post-hoc Tukey grouping. Those ecotypes 
with the same letters above boxplots for either of the two traits are not significantly different 
(P > 0.05) from one another. The bold line in the center of the boxplots represent the median, 
the box edges represents the 25% (lower) and 75% (upper) percentiles, the whiskers extend 
to the most extreme data points that are no more than 1.5x the length of the upper and lower 
segment, and points away from the whiskers indicate extreme outliers. N = 4. 
Since δ13C is used as a proxy for WUE, I tested the relationship of variation for δ13C 
with variation for operational assessments of the rate of gs, T, A, and iWUE at multiple 
rSWCs. δ13C demonstrated significant negative relationships with both gs and T at 100% 
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rSWC (Fig. 3.7). At 80% and 40% rSWCs these same associations were only marginally 
non-significant, where P-values were either 0.06 (Gs at 80% rSWC) or 0.07 (Gs at 40% rSWC 
and T at both 80% and 40% rSWC), but never below the standard 95% significance 
threshold. However, at 20% rSWC these associations entirely dissipated and were totally 
non-significant (P-values for gs = 0.36, T = 0.33). Interestingly, significant relationships were 
not detected between δ13C and either A or iWUE at any rSWCs. This further reflects the 
observations made between A, gs, T, and iWUE as part of the previous chapter and suggests 
that alterations to δ13C are achieved through changes in stomatal conductance not through 
changes to photosynthetic assimilation (Fig. 2.7). The breakdown of the relationship between 
δ13C and both gs and T at 20% rSWC may suggest that δ13C only provides an integrated 
measure of WUE up to the point at which tissue for isotopic analyses is harvested and it is 
therefore not a suitable physical marker for predicting future photosynthetic and stomatal 
dynamics (Fig. 3.7).  
 The variation for δ13C was also compared to all other phenotypic parameters 
assessed as part of the same short dehydration experiment. No significant associations were 
detected between parameters that could conceivably be envisaged to correlate with δ13C, 
e.g. rosette biomass accumulation and cWUE, thereby suggesting δ13C is not a suitable 
predictor of biomass accumulation or actual water use. However, δ13C was observed to 
share a significant positive association with Vcmax (Fig. 3.8), which suggests that those 
ecotypes that have the greatest potential photosynthetic capacity are also able to reduce gs, 
and consequently T, in response to reduced water availability, thereby increasing WUE.   
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Fig. 3.7. (a) Significant negative relationship between δ13C and stomatal conductance 
at 100% rSWC. (b) Significant negative relationship between δ13C and transpiration at 
100% rSWC. For both plots, the bold fit line represents the equation of the linear regression 
model. The adjacent dashed lines represent the lower and upper 95% confidence intervals. 
The p-value and adjusted r2 value associated with the linear models are provided for each 
association. 
 
 
104 
 
 
Figure 3.8. Significant positive relationship between Vcmax and δ13C of the 13 
Arabidopsis ecotypes. The bold fit line represents the equation of the linear regression 
model. The adjacent dashed lines represent the lower and upper 95% confidence intervals. 
The p-value and adjusted r2 values associated with the linear model are provided for each 
association. 
 Significant positives associations were detected between flowering time and percent 
carbon content in dried leaf tissue (Fig. 3.9a). Since flowering time is closely linked to 
vegetative biomass accumulation, the same association was observed with the later (Fig. 
3.9b). Those ecotypes that flowered later and consequently had elevated vegetative biomass 
also had a greater proportional content of carbon in their vegetative tissue than the smaller 
and earlier flowering ecotypes. 
 Flowering time is closely linked to senescence and the two share a common genetic 
basis (Wingler et al., 2010). Additionally, delayed senescence has for some time been 
understood to drive improved crop productivity (Reviewed in: Gregersen et al., 2013), 
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consequently multiple crop improvement programs have centered on selection for late 
flowering time and delayed leaf senescence for improved productivity (Borrell et al., 2000). 
The existence of these physiological trends could lead to the hypothesis that the observed 
variation in leaf tissue carbon content is to some extent due to late flowering. However, it is 
important to remember that the tissue harvested for this analysis was done so at the same 
time during the short dehydration period, which occurred before flowering and senescence. 
Therefore, the detected association in question may not necessarily reflect improved carbon 
assimilation due to an increased life cycle or delayed senescence. Additionally, since 
sampling was performed before flowering it is perhaps unlikely that the differentiation for 
percent carbon content is due to changes to in source-sink relationships. Such an 
explanation could well be plausible if tissue harvesting had occurred post floral transitioning, 
since this phenomenon is well understood to alter nitrogen and carbon resource allocation 
(Chardon et al., 2014).  
 Due to the above it is somewhat difficult to discern the biological basis of the 
association between flowering time and percent carbon content in vegetative tissue. Despite 
this, I would argue that it is likely due to dynamic partitioning of carbon, since this has recently 
been demonstrated to show both a strong a genetic basis and developmentally-associated 
variation even before the onset of floral transitioning (Kolling et al., 2015). Furthermore, 
variation in carbon partitioning is understood to be independent of photosynthesis (Kolling et 
al., 2015), which goes someway to explain the lack of detection of an association between 
leaf carbon content and either operational or maximal rates of photosynthesis. It is 
conceivable that the different developmental stages that are sure to be linked to the onset of 
flowering result in variation between the ecotypes in terms of carbon partitioning, which are 
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thus picked up and linked to flowering time. Although the initiation of the short dehydration 
period was specifically designed to occur before the onset of flowering, natural variation 
studies of this kind are very difficult to perform whilst controlling for biases that may arise 
due to different timings of transitions between developmental stages, thus artefact 
associations to this end may be detected.   
 The substantial variation observed for percent nitrogen content demonstrated a very 
strong association with reproductive performance and cWP to a lesser extent (Fig. 3.10). 
The association between leaf nitrogen content and productivity is relatively underexplored in 
Arabidopsis (Guan et al., 2015), however the relationship between the former and both 
growth and development has been well characterized both at the genetic and physiological 
level in multiple species (Reviewed in: Gutiérrez, 2012). Upon seed filling, it is necessary for 
plants to redistribute nitrogen contained within vegetative tissue toward reproductive organs 
in a process known as nitrogen mobilization. The proportion of nitrogen required from the 
various sources of acquisition is not presently understood in Arabidopsis. In other species 
such as Soybean, in excess of 50% of the total nitrogen required for the synthesis of seed 
storage proteins is supplied via the mobilization of vegetative nitrogen stores as opposed to 
being supplied through the direct assimilation of atmospheric or soil nitrogen, as such a 
strong positive association exists between leaf nitrogen content and seed yield in field-grown 
soybean (Shibles & Sundberg, 1998). To this end, it likely that those ecotypes that 
demonstrated elevated leaf nitrogen content also demonstrated improved reproductive 
performance and cWP because of the increased availability of nitrogen for eventual seed 
filling.  
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Figure 3.9. Relationship between the percent carbon content of leaf tissue and (a) 
flowering time and (b) rosette biomass of the 13 Arabidopsis ecotypes. The bold fit line 
represents the equation of the linear regression model. The adjacent dashed lines represent 
the lower and upper 95% confidence intervals. The p-value and adjusted r2 value associated 
with the linear models are provided for each association.  
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Figure 3.10. Relationship between the percent nitrogen content of leaf tissue and (a) 
seed yield and (b) calculated water productivity of the 13 Arabidopsis ecotypes. The 
bold fit line represents the equation of the linear regression model. The adjacent dashed 
lines represent the lower and upper 95% confidence intervals. The P-value and adjusted r2 
value associated with the linear models are provided for each association.  
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3.3.4 Water use and water productivity under short and long day 
conditions 
 Previous results described as part of this and the preceding Chapter describe the 
importance of flowering time for determining vegetative biomass accumulation and long term 
water use. In brief, later flowering ecotypes accumulate more rosette biomass and use more 
water than those that flower earlier. The standard experiments defining my research involved 
the growth of all ecotypes under short day conditions until either the completion of a short 
dehydration period or the initiation of a continuous watering regime, upon which long days 
persisted for both. Like all flowering plant species, Arabidopsis is very developmentally-
sensitive to photoperiods (Reviewed in: Simpson & Dean, 2002), as such it could well be 
predicted that different experimental conditions in terms of light availability and duration 
could alter biomass accumulation and water use. For this reason, I tested the effect of day 
length on both vegetative and reproductive biomass accumulation, as well as long term water 
use and water productivity. 
 Strong positive associations were detected between the four above-mentioned 
parameters across the two parallel experiments conducted under short and long days (Fig. 
3.11). The plants that were primarily subjected to short days used more water (Fig. 3.11b), 
but also accumulated more vegetative biomass (Fig. 3.11a), which is as to be expected since 
flowering is delayed under short days. Somewhat unexpectedly, these same plants also 
demonstrated improved reproductive performance (Fig. 3.11c), which compensated for the 
increased water use to ensure improved water productivity compared to the long day plants 
(Fig. 3.11d). When divided into separate day length experiments, there is no association 
between flowering time and reproductive performance or water productivity (Fig. 2.4). The 
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ecotypes that flower latest under short or long days do not demonstrate the highest 
reproductive performance. For this reason, it is likely that the improved productivity 
demonstrated by the ecotypes grown under short days is due primarily to increased 
partitioning of photosynthetically acquired assimilates into storage starch, which Arabidopsis 
is known to do to a greater degree under short days compared to long days (Gibson, 2004; 
Graf & Smith, 2011).    
 The significant positive relationship between water use, productivity, and flowering 
time under short and long days, suggests that my experiments performed under short day 
conditions hold relevance to the performance of these ecotypes under long day conditions 
also.   
 
Figure 3.11. Relationship between key parameters assessed as part of the continuous 
watering experiments of ecotypes grown under long (LD) and short day (SD) lengths. 
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(a) Rosette biomass accumulation (b) Water use (c) Seed yield (d) Water productivity. For 
all plots, the bold fit line represents the equation of the linear regression model. The adjacent 
dashed lines represent the lower and upper 95% confidence intervals. The P-value and 
adjusted r2 value associated with the linear models are provided for each association.  
3.3.5 Vegetative and reproductive biomass of selected ecotypes 
grown in field-like conditions under monocultures and 
polycultures and under drought stress and well-watered 
conditions   
 To test the translational significance of the key findings from the experiments 
performed as part of the current and preceding chapter I arbitrarily selected six ecotypes 
from the original 13 and tested flowering time, biomass accumulation and harvest index for 
all ecotypes in an outdoor garden experiment. All ecotypes were grown under covered 
(drought) and uncovered (well-watered) conditions. The Col-0 ecotype was also grown in 
polyculture and monoculture plots to assess the effect of genetic diversity on the traits of 
interest. The garden experiment was carried out at the University of Essex from the second 
week of August 2015 to the third week of October 2015 when plants were harvested. All 
plants were well soaked following transplanting to the garden experiment. Following this 
initial watering, the covered plants received no extra watering and all rainwater was blocked 
by the cover. As well as receiving rainwater, the uncovered plants were kept well-watered 
every four days. The climatic parameters assessed during the garden experimental period 
were typical of monthly averages during this period and at this location (Table 3.1; Historical 
climate data accessed at: www.metoffice.gov.uk/public/weahter/climate/). 
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Table 3.3. Temperature, relative and humidity, wind speed, and precipitation during 
the ten weeks of the garden experiment.  
 
No significant differences were detected between the covered and the uncovered 
treatments for flowering time for any of the ecotypes or between the Col-0 plants grown in 
polycultures and monocultures (Fig. 3.12, Table 3.4). This suggests firstly that the drought 
period the covered plants were subjected to was insufficient to initiate an early flowering 
drought escape mechanism. Secondly, it suggests that increased biological diversity does 
not alter flowering time under the particular conditions represented here.  
Week Month Max. Min. Mean AM mean PM mean Max. Mean Rainfall (mm)
One Aug 27.80 9.50 18.17 81.75 65.48 7.60 1.79 29.10
Two Aug 31.50 10.80 18.07 82.18 70.92 13.60 3.15 39.90
Three Aug/Sep 23.20 9.30 15.51 88.00 74.75 6.00 1.30 13.50
Four Sep 22.80 7.50 14.78 79.71 61.51 6.00 1.55 0.00
Five Sep 23.80 8.90 14.90 85.49 73.34 10.70 2.03 29.40
Six Sep 22.40 7.30 14.01 90.71 73.51 8.30 2.00 24.00
Seven Sep/Oct 23.20 5.60 14.17 84.00 62.77 5.40 1.19 0.00
Eight Oct 23.90 7.80 14.36 88.98 74.35 7.60 1.73 7.80
Nine Oct 22.20 4.70 11.57 85.42 71.12 5.40 1.05 1.80
Ten Oct 18.60 6.50 12.07 89.73 82.73 8.30 1.57 8.40
Temperature (⁰C) Relative humidity (%) Wind speed (mph)
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Figure 3.12. Boxplots describing the variation for flowering time demonstrated by the 
6 ecotypes as part of the garden experiment. Col-0 is subdivided into those plants grown 
as part of the monoculture plots and the polyculture plots. All ecotypes are also subdivided 
into covered (drought) and uncovered (well-watered) plots. There were no significant 
differences of note. The bold line in the center of the boxplots represents the median, the 
box edges represent the 25th (lower) and 75th (upper) percentiles, the whiskers extend to the 
most extreme data points that are no more than 1.5x the length of the upper or lower 
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segment, and points away from the whiskers indicate extreme outliers. N = 15 (polyculture), 
20 (monoculture) 
Table 3.4. Results from a three-way ANOVA to test for effects of ecotype, cover treatment 
(covered or uncovered), and culture treatment (monoculture or polyculture) on flowering of 
the 6 ecotypes comprising the garden experiment. 
 
The traits relating to biomass demonstrated significant differences between the cover 
treatments and between the Col-0 plants grown in mono- and polycultures (Fig. 3.12). With 
respect to rosette biomass accumulation, only the Col-0 ecotype demonstrated differences 
between the covered and the uncovered treatments. Interestingly, the difference was 
converse for the mono- and polyculture plants. For the monoculture Col-0 plants, the 
uncovered plants accumulated more rosette biomass, whereas the uncovered polyculture 
Col-0 plants accumulated less than their covered counterparts (Fig. 3.12a, Table 3.5). For 
seed yield, the only difference between cover treatments was observed between the 
monoculture Col-0 plants, where covered plants demonstrated improved reproductive 
performance (Fig. 3.12b, Table 3.6). Chaff biomass accumulation was significantly higher 
for covered Ct-1, Est-1, Se-0 ecotypes (Fig. 3.12c, Table 3.7). Seed yield was significantly 
higher for the C24 plants grown under cover and for the Col-0 monoculture plants (Fig. 3.12b, 
Table 3.6). 
Source Sum of squares Degrees of freedom Mean square F-value P-value
Culture 22.4 1 22.4 3.506 0.0621
Ecotype 2061.1 5 412.2 64.495 < 0.0001
Cover 4.9 1 4.9 0.762 0.3835
Ecotype:Cover 76.2 5 15.2 2.85 <0.05
Residuals 1917.5 300 6.4
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It is interesting to note the differences in biomass accumulation between the Col-0 
plants grown in mono- and polycultures. Rosette biomass (Covered P-value = 0.05, 
Uncovered P-value = 0.05) and chaff biomass (Covered P-value = 0.05, Uncovered P-value 
= 0.05) accumulation were significantly higher for the monoculture treatments (Fig. 3.11). 
However, reproductive performance was not significantly different between the two 
treatments. Thus, the harvest index of the both the covered (Covered P-value = 0.05) and 
the uncovered (Uncovered P-value = 0.05) Col-0 polyculture plants was significantly greater 
than the equivalent monoculture plants (Fig. 3.11). Although the environmental conditions 
were substantially more heterogeneous than controlled environment conditions, all plots 
were subjected to similar uncontrolled conditions. This coupled with the lack of effect on 
flowering time by either the cover or the genetic mixture treatments suggests that the 
observed effect on harvest index (Table 3.8) may be a result of root and/or soil-microbiome 
dynamics that are adjusted through higher plant-level genetic variation.     
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Figure 3.13. Boxplots describing the variation for (a) rosette biomass, (b) seed yield, 
(c) chaff biomass, and (d) harvest index demonstrated by the 6 ecotypes as part of 
the garden experiment. Col-0 is subdivided into those plants grown as part of the 
monoculture plots and the polyculture plots. All ecotypes are also subdivided into covered 
(drought; red) and uncovered (well-watered; blue) plots. Red asterisks denote significant 
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difference between the same ecotype grown under covered and uncovered conditions, 
where *** = P < 0.001, ** = P < 0.01, and * = P < 0.05. The bold line in the center of the 
boxplots represents the median, the box edges represent the 25th (lower) and 75th (upper) 
percentiles, the whiskers extend to the most extreme data points that are no more than 1.5x 
the length of the upper or lower segment, and points away from the whiskers indicate 
extreme outliers. N = 15 (monoculture), 20 (polyculture) 
Table 3.5. Results from a three-way ANOVA to test for effects of ecotype, cover treatment 
(covered or uncovered), and culture treatment (monoculture or polyculture) on rosette 
biomass accumulation of the 6 ecotypes comprising the garden experiment. 
 
Table 3.6. Results from a three-way ANOVA to test for effects of ecotype, cover treatment 
(covered or uncovered), and culture treatment (monoculture or polyculture) on seed yield of 
the 6 ecotypes comprising the garden experiment. 
 
 
 
Source Sum of squares Degrees of freedom Mean square F-value P-value
Culture 0.404 1 0.4041 4.139 < 0.05
Ecotype 10.476 5 2.0951 21.46 < 0.0001
Cover 0.072 1 0.072 0.737 0.3915
Ecotype:Cover 1.357 5 0.2262 2.317 <0.05
Residuals 20.697 300 0.0976
Source Sum of squares Degrees of freedom Mean square F-value P-value
Culture 0.387 1 0.3868 13.208 < 0.001
Ecotype 3.474 5 0.6949 23.728 < 0.0001
Cover 0.197 1 0.1975 6.743 < 0.05
Ecotype:Cover 0.306 5 0.0511 1.744 0.1123
Residuals 6.209 300 0.0293
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Table 3.7. Results from a three-way ANOVA to test for effects of ecotype, cover treatment 
(covered or uncovered), and culture treatment (monoculture or polyculture) on chaff biomass 
accumulation of the 6 ecotypes comprising the garden experiment. 
 
Table 3.8. Results from a three-way ANOVA to test for effects of ecotype, cover treatment 
(covered or uncovered), and culture treatment (monoculture or polyculture) on harvest index 
of the 6 ecotypes comprising the garden experiment. 
 
The general trends observed in the previous chapters with respect to flowering time 
and biomass accumulation were tested using all the ecotypes grown under the two different 
conditions associated with the garden experiment. As before, a highly significant positive 
correlation was observed between flowering time and vegetative performance, where plants 
that flowered later accumulated significantly more rosette biomass (Fig. 3.14a). This trend 
was not matched with reproductive performance, which is reflected by the significant 
negative relationship detected between rosette biomass and seed yield (Fig. 3.14b). These 
associations suggest that flowering time and vegetative performance are ineffective at 
predicting eventual reproductive performance.  
Source Sum of squares Degrees of freedom Mean square F-value P-value
Culture 40.23 1 40.23 41.029 < 0.0001
Ecotype 54.84 5 10.97 11.186 < 0.0001
Cover 17.97 1 17.97 18.33 < 0.0001
Ecotype:Cover 16.27 5 2.71 2.765 0.131
Residuals 207.87 300 0.98
Source Sum of squares Degrees of freedom Mean square F-value P-value
Culture 0.0891 1 0.08912 13.208 < 0.0001
Ecotype 0.3668 5 0.07335 23.728 < 0.0001
Cover 0.0582 1 0.05817 6.743 < 0.0001
Ecotype:Cover 0.048 5 0.008 1.744 0.131
Residuals 0.4742 300 0.00224
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The relationship between all the traits assessed as part of the garden experiment was 
further explored through PCA (Fig. 3.15). The loadings of these traits onto the first two 
principle components compliments the above, in the sense that yield and harvest index load 
in the opposite direction to flowering time and rosette biomass with respect to principle 
component one. Interestingly, chaff biomass did not appear to be an accurate predictor of 
seed yield (P-value = 0.03, r2 = 0.05), whereas it had been highly accurate predictor for this 
purpose as part of the controlled environment experiments (Fig 2.4). This is also reflected 
by its isolated nature in the biplot of the two main principle components (Fig. 3.15). It is also 
interesting to note that the ecotypes grown under covered treatments tend to load more 
strongly in a positive sense onto principle component two, which is explained primarily by 
variation for harvest index. Additionally, the Col-0 polyculture plants load very positively onto 
this same principle component, whereas the monoculture plants load in the opposite 
direction, which again reflects the previously described differences between these 
treatments. 
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Figure 3.14. (a) Relationship between flowering time and rosette biomass for all 
ecotypes grown under all conditions as part of the garden experiment. (b) 
Relationship between rosette biomass and seed yield for all ecotypes grown under all 
conditions as part of the garden experiment. For both plots the bold fit line represents 
the equation of the linear regression model. The adjacent dashed lines represent the lower 
and upper 95% confidence intervals. The P-value and adjusted r2 values associated with the 
linear model are provided for each association.  
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Figure 3.15. Biplot of the loadings of the five phenotypic parameters assessed as part 
of the garden experiment onto the first and second principle components of trait 
space that describe the performance of the six ecotypes. Each arrow represents a vector 
of loadings. The direction of each arrow represents the relationship of a variable to the two 
main principle components. Additionally, the loadings of the individual ecotypes onto the 
traits spaces are also described based on their association to the two main principle 
components. Each ecotype is subdivided into those grown under covered (red) and 
uncovered conditions (blue), additionally Col-0 is subdivided further into monoculture (mono) 
and polyculture (poly) plots.  
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To test the translational significance of the controlled environment work described in 
this and the preceding Chapter, I tested the relationship between flowering time and seed 
yield as determined in the two continuous watering experiments and the outdoor garden 
experiments (Fig 3.14). In all cases, the associations were highly significant and positive, 
thereby suggesting evaluations of biomass accumulation and calculations of water use and 
water productivity in controlled environmental settings are reflective of performance in 
outdoor and more agronomic-like environments. 
 
Figure 3.16. (a) Relationship between flowering of ecotypes grown as part of the short day 
continuous watering (CW_SD) experiment and flowering time of the same ecotypes grown 
 
 
123 
 
as part of the outdoor garden experiment. (b) Relationship between flowering of ecotypes 
grown as part of the long day continuous watering (CW_LD) experiment and flowering time 
of the same ecotypes grown as part of the outdoor garden experiment. (c) Relationship 
between seed yield of ecotypes grown as part of the CW_SD experiment and seed yield of 
the same ecotypes grown as part of the outdoor garden experiment. (d) Relationship 
between seed yield of ecotypes grown as part of the CW_LD experiment and seed yield of 
the same ecotypes grown as part of the outdoor garden experiment. 
3.4   General Discussion 
 This study was undertaken to answer fundamental questions that presented 
themselves after Chapter Two. These related firstly to the usefulness of employing additional 
proxy parameters for predicting water use and productivity, and secondly with regards to 
understanding the effect of important biological and environmental variation on water use 
and productivity. These questions were addressed through a short dehydration experiment 
where potential and operational rates of photosynthesis were assessed, as well as leaf level 
carbon and nitrogen content, through parallel continuous watering experiments where day 
length was manipulated, and through an outdoor garden experiment where the effect of both 
biological variation and water availability were tested. 
 The thirteen ecotypes comprising this study represented very little natural variation 
for potential photosynthetic capacity, additionally this capacity did not appear a suitable 
proxy for either vegetative or reproductive biomass accumulation. δ13C did not appear a 
suitable proxy of either cWUE or biomass accumulation, however variation for δ13C did 
associate with variation for both T and gs, but not A, providing further evidence to suggest 
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that changes to iWUE are primarily afforded by reductions to the denominator, i.e. water use. 
The percent leaf content of carbon appeared tightly linked to flowering time and rosette 
biomass accumulation, although this is likely an artefact of differential carbon partitioning 
that occurs at different development stages, which are likely correlated with flowering time 
variation, as opposed to directly relating to flowering time per se. Leaf nitrogen content was 
observed to be a highly accurate proxy of seed yield in Arabidopsis, which is likely to be due 
to the increased availability of nitrogen for mobilization during seed filling. Future research 
should look to further characterize the variation that exists for leaf nitrogen content using a 
larger number of genetically distinct ecotypes and determine with greater confidence how 
and whether leaf level nitrogen content associates with improved productivity and water 
productivity.  
Comparing the flowering time and reproductive performance of the 13 ecotypes when 
kept well-watered and when subjected to a short dehydration period revealed that the short 
dehydration period is not a true drought stress in the sense that it is not fitness-limiting nor 
does it initiate an early flowering response which is typical of Arabidopsis when subjected to 
drought. This is clearly of utmost important for our estimations of water use and water 
productivity, since reductions in either flowering time or seed yield due to short dehydration 
would yield inaccurate values for cWU and cWP. 
 The parallel continuous watering experiments demonstrated that variation for water 
use and biomass accumulation is relatively stable across short and long days, advising that 
findings achieved through short day-based experiments are translatable across to long day 
conditions. To this end, it was observed that biomass accumulation is correlated across the 
controlled environment studies and the outdoor garden experiment, which provides incentive 
 
 
125 
 
to suggest that the controlled environment studies are somewhat reflective of plant 
performance in agricultural and/or ecological systems.  
 The lack of effect of short dehydration on flowering and fitness was also reflected in 
the garden experiment, where reduced water availability was persistent for much longer. 
This hints at the idea that Arabidopsis, or at least these particular genetic variants, is already 
reasonably drought adapted, which is somewhat irrelevant for this research where water 
use, as opposed to drought resistance, is of interest. Future research should attempt to 
quantify Arabidopsis water use in such outdoor agroecological settings through dynamic 
measures of soil moisture content or evapotranspiration in order to determine how water use 
variation changes or remains stable under such conditions.  
 In addition to the above, the garden experiment also demonstrated that the Col-0 
ecotype appears to have a markedly elevated harvest index when grown in diverse genotypic 
mixtures as opposed to monocultures under both water replete and drought conditions. 
Improved reproductive performance of Arabidopsis grown under abiotic perturbations has 
been demonstrated to be achieved through biological diversity (Creissen et al., 2013). The 
elevated performance observed in this cited study was achieved through compensation, 
where productivity of the total biological system, i.e. multiple ecotypes, was observed to 
improve as opposed to the productivity of individual ecotypes improving. The improved 
harvest index of Col-0 when grown in a diverse biological system as described in this study 
is not achieved via compensation, since biomass accumulation was determined on a 
genotype-by-genotype basis. Therefore, it is hard to discern the causal basis of the observed 
difference in harvest index between the diverse and monoculture systems. It could be 
envisaged that a system consisting of entirely Col-0 plants may have elevated root 
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competition, i.e. a reduction in the a of soil resources to roots that is caused by other roots 
(Schenk, 2006), compared to a system consisting of Col-0 and other ecotypes. This could 
be plausible if those other ecotypes had reduced exploratory root systems compared to Col-
0, therefore the competition for resource availability experienced by individual Col-0 plants 
would be reduced. Equally, it is plausible that diverse plant systems culture diverse root 
microbiota communities which could function to achieve improved resource availability, 
thereby improving reproductive performance. Future research to this end should function to 
ascertain the effect of root competition in diverse Arabidopsis systems and understand how 
this influences biomass accumulation and water use at both the system and individual plant 
level. Additionally, it would be hugely interesting to understand how diversity effects the soil 
microbial community and how this in turn effects the transcriptional regulation of key genes 
of constituting microbial species and genes of interest at the plant level.  
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4. Identification and characterization of QTL 
underlying natural variation for water use and 
productivity traits in Arabidopsis   
4.1 Introduction 
The identification of allelic variation that defines phenotypic variation has important 
implications for crop improvement. Additionally, the identification of genetic loci that confer 
ecological adaptations, which are often analogous to those that are central to crop 
improvement, can further our understanding of the evolutionary progression and prospects 
of plant populations under the context of global change. Pioneering work to elucidate plant 
allelic variation for continuous traits through linkage mapping, such as the studies of Sax 
(1923) and Thoday (1961), were constrained due to a lack of suitable molecular markers. 
Advances in molecular marker technology (Semagn et al., 2006), have alleviated this 
significant restraint and expedited the construction of genetic maps with high marker 
densities. The increase in accessibility of the tools required to develop these markers and 
screen them across mapping population panels, combined with the availability of software 
platforms to perform requisite statistical analyses, has resulted in a huge increase in the 
number of studies utilizing linkage disequibrlium (LD) mapping (also referred to as 
quantitative trait loci (QTL) mapping). Consequently, our understanding of the genetic 
architecture of complex plant traits has dramatically improved over the past four decades 
(Lipka et al., 2015).    
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Kowalski et al (1994) published the first successful application of QTL mapping in 
Arabidopsis, where multiple flowering time QTL were identified. Since then, QTL mapping 
has been used for the identification of genetic regions in Arabidopsis that control abiotic 
stress resistance, biotic stress resistance, viability, phenology, physiology, and molecular 
processes (Reviewed in: Alonso-Blanco et al 2009). A direct result of the surge in use of 
QTL mapping for gene discovery in Arabidopsis is that there are now over 100 collections of 
RILs, the most popular mapping population type in Arabidopsis, available to the scientific 
community (See: http://www7.inra.fr.vast/RILs.htm). Additionally, many of these populations 
have associated near isogenic lines (NILs) developed, facilitating the further analysis of 
particular regions and QTLs of interest (Weigel, 2012).  
With specific reference to understanding the performance of Arabidopsis under the 
context of water limitations, QTL mapping has been successfully incorporated into previous 
work centered on understanding the genetic basis of drought resistance (Ghandilyan et al., 
2009; El-Soda et al., 2014; Lovell et al., 2015) and WUE (McKay et al., 2003, 2008; Juenger 
& Mckay, 2005; Hausmann et al., 2005; Masle et al., 2005). The work of Masle et al (2005), 
the most cited of all of these studies, identified the well-characterized ERECTA gene as a 
key regulator of WUE, measured as δ13C, primarily through controlling stomatal 
conductance. Separate efforts to elucidate the genetic basis of WUE, again measured as 
δ13C, have built up a significant body of evidence to suggest that WUE is pleiotropically linked 
to flowering time (McKay et al., 2003, 2008; Juenger & Mckay, 2005; Hausmann et al., 2005). 
As discussed in Chapters one and two, these studies postulate a positive genetic correlation 
between flowering time and WUE. This is supported by their QTL mapping identifying 
flowering time genes following mapping for δ13C.     
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Consistent results demonstrated as part of Chapters Two and Three provide 
substantial evidence to suggest that the observed link between flowering time and WUE, as 
described above, is debatable. It could be argued that it is somewhat unlikely that an 
increase in flowering time, i.e. longer life cycle, would be concurrent with improved WUE, 
because a plant that lives for a longer period would likely use more water, consequently it 
would have reduced WUE. Therefore, I would argue that traits directly relating to water use 
and productivity are more agronomically relevant.  
With respect to the above, the present study was undertaken to identify QTL that 
underlie variation for water use and water productivity. Chapter Two demonstrated that 
substantial variation exists for key traits relating to water use and water productivity. 
Crucially, this variation was observed to have a significantly heritable basis, thereby 
indicating the viability of dissecting out the genetic basis of these traits. The cWU and cWP 
of the ecotypes C24 (505.93 cWU, and 0.20 cWP) and Col-0 (625.16 cWU, and 0.09 cWP) 
were substantially different, as such a RIL population developed with these ecotypes as the 
parental lines was acquired (Törjék et al., 2006; Kindly provided by Dr Rhonda Meyer) for 
QTL mapping for these and other related traits.  
4.2  Materials and methods 
4.2.1 Plant material, growth conditions, and trait parameters 
assessed 
For this study, the RIL mapping population developed using the Arabidopsis ecotypes 
Col-0 and C24 as parental lines (Törjék et al., 2006) was used for QTL mapping. 168 RILs, 
plus the two parental lines, were phenotyped for short term water use, flowering time, the 
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number of rosette leaves at the point of bud initiation, rosette biomass, chaff biomass, and 
seed yield (n = 15). Additionally, assessment of these parameters facilitated the calculation 
of long time water use (cWU) and water productivity (cWP), as described in chapters two 
and three. 
All plants were grown in the controlled environment room described in Chapter Two 
in pots with precise volumes of soil. An SD experimental period, as described in Chapter 
Two, was initiated at 50 days. The SD period facilitated the assessment of short term water 
use as the slope of the linear regression of the rate of drying from ~100% to ~20% rSWC. 
Following the completion of the SD period, all plants were transferred to the glasshouse, 
where conditions were as described in Chapter Two. Here, flowering time and the number 
of rosette leaves at bud initiation were determined as plants were kept well-watered. Plants 
were kept well-watered in the glasshouse until the opening of the final flower, at which point 
the entire plant was bagged and allowed to dry down. Once completely dried down, plant 
biomass components were separated and measured as rosette biomass (vegetative 
biomass), chaff biomass (stalks and pods; reproductive biomass), and seed yield 
(reproductive biomass). Long time water use was calculated as a short-term water use 
multiplied by flowering time to give cWU. Water productivity was calculated as seed yield 
divided by cWU to give calculated water productivity (cWP).   
4.2.2 Statistical Analysis 
All statistical analyses were performed within the R software environment for 
statistical computing and graphics (R Development Core Team, 2008). The SD experiment 
to assess the above described phenotypic parameters was temporally blocked over a period 
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of two years. One-way ANOVA comparison of means tests were performed across all lines 
and all blocks to determine the existence of experimental block effects that could potentially 
confound further analysis and the QTL mapping. Significant block effects were detected for 
all traits, as such I extracted BLUPs using GLMMs, as described in Chapter Two (2.2.4). 
BLUPs were used to calculate estimated means, by adding them to population means. 
Estimated means were used for subsequent assessment of genetic correlations and for the 
QTL mapping. GLMMs allowed for the determination of VP and VG for all trait parameters. 
These were in turn used to obtain estimates of H2 and CVG, i.e. evolvability, as described in 
Chapter Two.  
4.2.3 QTL mapping 
The R package ‘qtl’ developed by Arends et al., (2010) was used for all QTL analyses. 
The initial qtl cross object, i.e. the set of files required for QTL mapping in R-qtl, was 
converted from the F2 default to a RIL object using the convert2riself() function. The 
checkAlleles() function, which tests for marker switching, identified no apparent problems 
with these data. The Lander-Green algorithm, i.e. hidden Markov model technology, was 
used to re-estimate the genetic map, in terms of the centimorgan (cM) distances between 
markers, using the est.map() function with an assumed genotyping error rate of 0.001. The 
re-estimated genetic map, based on the lines incorporated in this study, was preferred to the 
original genetic map, which was based on over 400 RILs. 
Hidden Markov model technology was employed to calculate genotypes at steps of 
every 1cM between genotyped markers using the calc.genoprob() function. Two-
dimensional QTL mapping was performed with the scantwo() function. Two-dimensional 
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mapping was performed using the Hayley-Knott regression method and with 10,000 
permutations.  Penalties were derived for the penalized logarithm (base 10) of odds (LOD) 
scores on the basis of the permutations performed during the two-dimensional mapping 
using the calc.penalties() function. These penalties were used to perform multiple QTL 
mapping using the stepwiseqtl() function. Multiple QTL mapping involves forward and 
backward selection to identify the most optimal QTL model that can include both single effect 
QTLs and interactions between QTLs, where there are separate penalties on main effects 
and interactions (Broman & Sen, 2009). This method of QTL model detection has been 
successfully employed in previous and similar Arabidopsis QTL mapping projects (Agren et 
al., 2013; Oakley et al., 2014). 
4.2.4 Validation of FRIGIDA and FLOWERING LOCUS C as main 
effect QTL underlying variation for flowering time, rosette 
biomass, and water use 
To test the hypothesis that variation for flowering and water use was determined by 
the FRIGIDA (FRI) and FLOWERING LOCUS C (FLC) flowering time genes, markers were 
identified that would allow for the prediction of the allelic state of these genes in all RILs. The 
genetic map used in this study did not have markers flanking the genomic position of FRI, 
therefore the two markers upstream of this position, MASC04123 and MASC04725, were 
used. For FLC, flanking markers were available, MASC04531 (left flanking marker) and 
MASC09207 (right flanking marker). These predictor markers are highlighted as part of Fig. 
4.4. It was assumed that RILs that had the same allelic form at both predictor markers for 
each gene, i.e. both Col-0 and C24 alleles, would harbor the equivalent alleles of FRI or 
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FLC. Based on this and after determining which RILs had which alleles of these two genes, 
all RILs were grouped into four groups based on which alleles of FRI and FLC they were 
predicted to possess, i.e. FRI:Col-FLC:Col, FRI:Col-FLC:C24, FRI:C24-FLC:Col, FRI:C24-
FLC:24.  
The trait performances of all traits assessed as part of this study were compared 
between the four allelic groups. One-way ANOVA comparison of means test were performed 
for each trait using the aov() R base code function, where the allelic group classification was 
used as the predictor variable. For each trait, the appropriate one-way ANOVA model was 
used to perform a post-hoc Tukey test to determine which, if any, allelic groups were 
significantly different from one another. This was achieved via Tukey Honest Significant 
Difference (HSD) tests using the HSD.test() function from the ‘agricolae’ R package (de 
Mendiburu, 2016).    
4.3  Results 
4.3.1 Natural variation of water use and productivity traits within the 
Col-0 x C24 RIL population   
A QTL mapping project was undertaken to try and identify chromosomal regions 
containing genes underlying the natural variation for water use and productivity that was 
known to exist following the study described in chapter two. A RIL population developed by 
Törjék et al (2006) which used the ecotypes Col-0 and C24 as parental lines was employed 
for QTL mapping. This population was selected because of the considerable phenotypic 
differences between the parental lines observed during the study described in Chapter Two, 
especially for cWU and cWP. 164 RILs (106 Col-0 x C24 and 58 C24 Col-0) were subjected 
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to a SD experiment in order to determine short term water use. Additionally, flowering time, 
the number of rosette leaves at bud initiation, biomass accumulation, cWU and cWP were 
also determined. The SD experiment was divided into four temporally isolated experimental 
blocks. Highly significant block effects were detected for all traits. Indeed, significant block 
effects were detected when focusing on just the check genotypes, i.e. Col-0 and C24, 
suggesting that the existence of the block effects were due to environmental effects as well 
as genotypic effects (Table 4.1.). 
Table 4.1. Comparison of means testing for all traits assessed as part of the QTL 
mapping. Testing was performed through one-way ANOVA tests for all traits. Comparisons 
were made based on the means of all ecotypes, just Col-0, and just C24. Significance is 
indicated at *** p < 0.001, ** p < 0.01, and * p < 0.05. Non-significant differences are indicated 
by n.s. 
 
To control for the detected experimental block effects, appropriate GLMMs were 
performed and BLUPs were extracted. To make results more understandable estimated 
means were obtained by adding BLUPs to population means for all traits. The variation in 
estimated means for all traits was not significantly different from what would be expected of 
a normal distribution (Fig. 4.1., P > 0.05). Furthermore, and with reference to all traits, this 
Between experimental 
blocks (All ecotypes)
Between experimental 
blocks (Col-0)
Between experimental 
blocks (C24)
Short term water-use (ml-1 H20 plant-1) < .0001 < .0001 < .0001
Flowering time (days) < .0001 n.s. < 0.05
Rosette leaves at bud initiation < .0001 < .001 < 0.05
Rosette biomass (g) < .0001 < .001 < .0001
Chaff biomass (g) < .0001 n.s. < .0001
Seed yield (g) < .0001 < .001 < .0001
Calculcated water-use (ml-1 H20 plant-1) < .0001 < .0001 < 0.05
Calulcated water productivity (mg seed plant-1 ml H20-1) < .0001 < 0.05 < .0001
Trait parameter
P-value
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variation was far more extreme than the difference between the parental lines, which is 
symptomatic of transgressive segregation (Meyer et al., 2004, 2010). For example, the 
flowering times of Col-0 (74.86 days, estimated mean) and C24 (74.07 days, estimated 
mean) are not significantly different. Despite this, the variation in flowering time observed 
within the RIL population was much greater (32.62-111.45 days). It does appear, however, 
that the extreme variation here is due to outliers, with ~92% of RILs displaying flowering 
times between 50-90 days, which, although not quite as extreme, is still substantially more 
variable than the variance displayed between the two parental lines (Fig. 4.1). The pattern 
in variation and location of the estimated means of parental lines for short term water use, 
number of rosette leaves at bud initiation, chaff biomass, and cWU is similar to that described 
for flowering time (Fig. 4.1). The variation in estimated means of seed yield and cWP for the 
RILs again demonstrated extensive transgressive segregation, however in these instances 
the parental lines were situated toward the positive extremes of the variation of the mapping 
population, suggesting that the RILs selected for phenotyping and QTL mapping did not 
capture much allelic variation in terms of genotypes that elevated productivity (Fig. 4.1).      
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Figure 4.1 Natural variation of estimated means for all traits assessed as part of the 
QTL mapping. (a) Short term water use (ST WU). (b) Flowering time. (c) Number of rosette 
leaves at bud initiation. (d) Rosette biomass. (e) Chaff biomass. (f) Seed yield. (g) Calculated 
water use (cWU). (h) Calculated water-productivity (cWP). For all histograms the estimated 
means of  all RILs are ploted and the estimated means of the parental lines are indicated. 
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For all traits, a Shaprio-Wilk test of normality was performed on the estimated means of all 
RILs, where all traits desmonstrated variation that is not signficantly different from a normal 
distribution (P > 0.05). N = 15. 
The GLMMs allowed for the determination of genetic variance (VG) and total 
phenotypic variance (VP). These parameters were used in the calculation of H2 and CVG 
(Table 4.2). All traits assessed demonstrated a significantly heritable basis, suggesting that 
a signification proportion of the variation observed for all traits is determined by genetic 
variation as well as owing to environmental heterogeneity. Although significant, the H2 of 
seed yield (0.21) and cWP (0.20) is relatively low, especially when compared to traits that 
are known to have a strong genetic basis, such as flowering time (H2 = 0.78). Despite this, 
these two traits exhibited the highest evolvability, which points towards their elevated 
propensity to respond to environmental selection compared to other traits. This is concurrent 
with the observation in Chapter Two that fitness related traits show much greater variation 
in plasticity, i.e. they are far more sensitive to the environment (Fig. 2.6). In further support 
of this, traits observed to show reduced plasticity variation, such as flowering time and water 
use, showed much lower levels of evolvability and high levels of H2 (Table 4.2). 
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Table 4.2. Genotypic and phenotypic variation of the eight traits assessed as part of 
the QTL mapping. The true (arithmetic) mean, standard error (SE), genetic variance (VG), 
phenotypic variance (VP), broad sense heritability (H2), evolvability (CVG), and significance 
of H2 (Sig.) are provided for all traits. All traits displayed highly significant heritability at the 
p < 0.001 level (***). 
 
 Genetic correlations were estimated between all traits as Pearson’s product moment 
correlations between estimated means (Fig. 4.3). An interesting observation of note here is 
the significant negative genetic correlation between short term water use and flowering time. 
This suggests that plants that use more water in the short term, and could thus be conceived 
to be more drought susceptible, flower earlier. This is in contradiction to the previous two 
Chapters, where the contrary was observed (Fig. 2.4). 
The negative genetic link between short term water use and rosette biomass is 
contradictory to what was detected in Chapters Two and Three (Fig. 2.4) and suggests that 
plants with reduced biomass use less water in the short term (Fig. 4.3). Conversely, rosette 
biomass is much more strongly genetically associated, in a positive sense, with cWU, which 
supports previous observations and conclusions. It could therefore be suggested that the 
link observed here between rosette biomass and short term water use is an artefact of the 
Trait Mean SE VG VP H 2 CVG Sig.
Short term water-use 8.56 0.02 0.49 0.84 0.58 8.17 ***
Flowering time (days) 74.25 0.40 132.20 170.12 0.78 15.49 ***
Rosette leaves at bud initiation 46.14 0.59 186.07 360.58 0.52 29.57 ***
Rosette biomass (g) 0.32 0.01 0.02 0.04 0.63 47.53 ***
Chaff biomass (g) 0.51 0.01 0.02 0.06 0.36 28.60 ***
Seed yield (g) 0.07 0.00 0.00 0.01 0.21 51.89 ***
Calculated water-use 637.83 3.65 9454.70 13404.30 0.71 15.24 ***
Calculated water-productivity 0.11 0.00 0.00 0.02 0.20 55.83 ***
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minimal variation that exists for short term water use within the RILs, compared to what was 
observed between the different ecotypes in Chapter Two (Fig. 2.4)  
Flowering time was observed to genetically correlate with rosette biomass (positive 
correlation) and chaff biomass (negative correlation), but not with seed yield (Fig. 4.3). 
Additionally, negative genetic correlations were detected between rosette biomass and the 
key fitness related parameters and cWP (Fig. 4.3). These genetic associations provide 
further support to suggest that neither flowering time nor vegetative performance are 
accurate proxies, or physical markers, of fitness. Moreover, the significant positive genetic 
association detected between rosette biomass and cWU highlights the importance of 
assessing seed yield either directly or as a factor of water use, i.e. cWP.  
 
Figure 4.2. Correlation matrix plot describing the pairwise genetic correlations 
between all traits. The size of the square denotes the p-value, where larger squares 
 
 
140 
 
indicate lower p-values, i.e. greater significance. The color of the square indicates the 
direction of the genetic correlations, with dark red indicating a negative correlation and dark 
blue indicating a positive correlation (see heat bar to the right). Squares not marked with a 
cross denote significant genetic correlations (p-value < 0.05).  STWU – Short term water 
use, cWU – Calculated water use, cWP – Calculated water productivity. N = 15 
4.3.2 QTL mapping for key traits relating to water use and 
productivity 
164 randomly selected individuals from the Col-0 x C24 RIL population were used for 
QTL mapping of key traits pertaining to water use and water productivity. Adequate 
phenotyping data were compiled for at least 84.1% of the RILs for all traits. This mapping 
population is supported by a high density genetic map consisting of 111 single nucleotide 
polymorphism (SNP) markers, with 26 SNP markers on chromosome one, 19 on 
chromosome two, 22 on chromosome three, 19 on chromosome four, and 25 on 
chromosome five (Fig. 4.4a). The Lander-Green algorithm (Lander & Green, 1987) was used 
to re-estimate the genetic map based on the RILs used in this study (Fig. 4.4b). Preliminary 
analyses indicated that 97.5% of the markers had been genotyped for all the RILs, where 
there was a virtually even split in the allelic form of these markers, with 50.3% coming from 
the Col-0 parental line and 49.7% from the C24 parental line. 
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Figure 4.3. The single nucleotide polymorphism (SNP) markers used and their 
position on the re-estimated linkage map. (a) Position in cMs of all markers on the re-
estimated genetic map. The two markers highlighted in blue on chromosome four are the 
predictor markers for FRI and the two highlighted in red on chromosome five are the predictor 
markers for FLC. (b) Comparison of the original genetic map (left) with the re-estimated 
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genetic map, where the marker distances were re-estimated using the Lander-Green 
algorithm. 
Multiple QTL mapping was performed to identify the multiple QTL model with the 
maximal penalized LOD score for each trait through forward and backwards elimination of 
main and interaction effects. No QTL models were identified as significant for seed yield or 
cWP. For the remaining traits, a total of 13 main effect QTLs were detected. No interaction 
effects were detected as significant in any of the most significant trait models. There was a 
high degree of co-localization between the main effect QTLs detected on chromosomes 4 
and 5 for flowering time, the number of rosette leaves at bud initiation, rosette biomass, chaff 
biomass (chromosome 4 only), and cWU (Fig. 4.4, Table 4.3).  
 A further QTL was detected for flowering time on chromosome one, FT:1, which was 
observed to co-localize with a QTL for short term water use, STWU:1. An additional QTL for 
short term water use was also detected on chromosome 3, STWU:3. Which also co-localized 
with a QTL for cWU, cWU:3 (Fig. 4.4, Table 4.3). Since cWU is calculated based on short 
term water use, it is highly likely that these are the same QTL. It is also highly likely that 
cWU:4 and cWU:5 are the same QTLs as FT:4 and FT:5 respectively, since cWU is 
calculated based on flowering time also. The strong positive genetic correlations observed 
between flowering time, rosette leaves at flowering, and rosette biomass suggest that the 
co-localizing QTL for these traits on chromosomes four and five likely represent the same 
genes also. Additionally, the negative association of these traits with chaff would also 
suggest that the Chaff:4 is the same QTL as the QTL underlying these aforementioned traits 
on chromosome 4, however the allelic effects is reversed, i.e. the C24 allele of the QTL on 
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chromosome 4 reduces chaff biomass, but increases flowering time, leaf number, rosette 
biomass, and cWU.         
 
Figure 4.4. Significant QTLs detected through multiple QTL mapping for all traits 
assessed as part of present study (a) Short term water use (STWU), (b) Flowering time 
(FT), (c) Number of rosette leave at bud initiation (Leaves), (d) Calculated water use cWU, 
(e) Rosette biomass (Rosette), (f) Chaff biomass (Chaff). For all plots, the curved red lines 
represent the penalized LOD score (Y-axis) at multiple actual and simulated genotypic 
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locations across the genome (X-axis). For each QTL the 95% Bayesian confidence interval 
is represented by a horizontal black line and the associated vertical dashed black line points 
to the position of the QTL.  
Table 4.3. Significant QTLs detected through multiple QTL mapping for all traits 
assessed as part of this study. QTL names are provided as the trait followed by the 
associated chromosome number. The following are provided for each QTL: position (cM), 
penalized LOD score, proportion of genetic variance explained by the QTL, confidence 
interval of the QTL (cM), p-value, and additive genetic effect (with standard error (SE)). The 
additive genetic effect corresponds to the direction of effect of alleles from the C24 parent, 
i.e. positive values indicate that the C24 allele of any particular QTL increase the trait value 
and vice versa.  
 
 
 
QTL Position (cM)
Penalised 
LOD score
Proportion of total 
genetic variation
95% Bayesian 
credible interval 
(cM)
P-value Additive genetic effect (SE)
STWU:1 10 3.21 7.561 0-18 < 0.000 0.19 (0.05)
STWU:3 35 5.215 12.643 18-43 < 0.000 -0.25 (0.05)
FT:1 7 3.578 5.346 1-14 < 0.000 -2.86 (0.69)
FT:4 3.69 18.177 34.769 3-5 < 0.000 6.75 (0.64)
FT:5 8 7.334 11.658 5-9 < 0.000 -3.95 (0.64)
Leaves:4 3 14.68 34.409 2-6 < 0.000 7.88 (0.86)
Leaves:5 8.824 3.12 6.028 0-93.22 < 0.000 -3.16 (0.82)
Rosette:4 12 6.6 15.414 3.699-16 < 0.000 0.05 (0.01)
Rosette:5 6 3.84 8.596 4-9 < 0.000 -0.04 (0.01)
Chaff:4 3.699 3.545 10.06 1-9 < 0.000 -0.04 (0.01)
cWU:3 36 2.851 4.799 8-42 < 0.000 -21.99 (6.01)
cWU:4 4 12.785 25.455 2-6 < 0.000 48.79 (5.79)
cWU:5 8.82 7.811 14.283 5.25-10 < 0.000 -35.90 (5.69)
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4.3.3 The additive genetic action of non-functional alleles of FRI and 
FLC reduces water use without penalizing reproductive 
performance 
The QTLs detected on chromosomes four and five underlie a substantial proportion 
of the total genetic variation for numerous traits. Additionally, these QTL co-localize with two 
well characterized flowering time genes, namely FRI (Chromosome 4; Schmitz & Amasino 
2007) and FLC (Chromosome 5; Hepworth & Dean, 2015). Given the detection of these QTL 
following mapping for flowering time and the strong genetic association detected between 
these traits in question and flowering time, it is plausible that FRI and FLC underlie the 
detected QTLs.  
To test the above hypothesis, all phenotyped RILs were sub-divided into four groups 
based on their predicted allelic state at the FRI and FLC loci. Comparison of means testing 
and post-hoc analyses were performed in order to determine the effect of different 
combinations of different alleles of FRI and FLC on all of the traits assessed as part of the 
QTL mapping. (Fig 4.6, Table 4.4).  
QTL mapping for short term water use did not detect the QTLs on chromosome 4 and 
5, it was therefore expected that FRI and FLC would not influence variation for this trait. 
Consequently, there were no significant differences between the different allelic groups with 
regards to short term water use (Fig 4.6a, Table 4.4). It was observed that this was the only 
trait that was not affected by allelic variation at these two loci (Fig. 4.5, Table 4.5).   
The parental allelic state combinations, i.e. FRI-Col:FLC-Col and FRI-Col:FLC-C24, 
demonstrated no difference in flowering time. This is concurrent with the observation that 
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the estimated means for flowering are almost identical for Col-0 (74.86 days) and C24 (74.07 
days). However, possessing the C24 allele of FRI and the Col-0 allele of FLC was observed 
to significantly extend flowering time. Inversely, a combination of the Col-0 allele of FRI and 
the C24 allele of FLC significantly reduces flowering time compared against both the parental 
line combinations and the opposite allelic combinations. This exact trend is repeated for 
cWU, where FRI:Col-FLC:C24 has a significantly reduced water use, presumably reflective 
of its reduced life cycle span, i.e. reduced flowering time.  
It is also important to note that the traits pertaining to reproductive performance, i.e. 
chaff biomass, seed yield, and cWP are significantly reduced for RILs harboring both the 
C24 allele of FRI and the Col-0 allele of FLC. However, those same RILs had the highest 
vegetative performance, i.e. rosette biomass accumulation. These differences support the 
general notion that flowering time is positively linked to water use and vegetative 
performance. As such, flowering time could be perceived to be an accurate proxy, or physical 
marker, of such traits. Importantly, these observed differences also suggest that flowering 
time is uncoupled from reproductive performance, reinforcing the inaccuracy of utilizing 
flowering time as a proxy for yield. 
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Figure 4.5. Trait performances of genotypes harboring different allelic combinations 
of the FRI (AT4G00650) and FLC (AT5G10140) genes.  Boxplots describing the variation 
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for all traits assessed for the groupings of RILs based on allelic forms of both FRI and FLC 
that RILs were predicted to harbor based on markers used in the QTL analysis that neighbor 
these two genes. (a) Short term water use, (b) flowering time, (c) number of rosette leaves 
at bud initiation, (d) rosette biomass, (e) chaff biomass, (f) seed yield, (g) calculated water 
use, (h) calculated water productivity (cWP). The letters (A, B, and C) above the boxplot 
denote the post-hoc Tukey groups, where allelic groups whose letters are different being 
significantly different from one another for that particular trait (See Table 4.6. for full results).  
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Table 4.4. Trait performance differences between genotypes harboring different allelic 
variants of FRI and FLC. Results from one-way ANOVA comparison of means testing and 
post-hoc Tukey tests. All RILs were grouped according to their allelic form at both FRI and 
FLC. One-way ANOVAs were performed to assess differences between these allelic groups 
for performances of all traits. Additionally, Tukey’s Honest Significant Difference method of 
post-hoc testing was performed to determine which groups were significantly different from 
one another for each trait. For all traits and allelic groups; the p-value against all other 
groups, minimum trait value, maximum trait value, and post-hoc Tukey group are provided.   
 
Allelic Combination Trait FRI:C24 FLC:C24
FRI:C24 
FLC:Col-0
FRI:Col-0 
FLC:C24
FRI:Col-0 
FLC:Col-0 Min Max
Tukey post-
hoc group
FRI:C24-FLC:C24 STWU - 0.23 0.06 0.59 6.97 9.30 A
FRI:C24-FLC:Col-0 STWU 0.23 - 0.93 0.93 7.38 10.37 A
FRI:Col-0-FLC:C24 STWU 0.06 0.93 - 0.66 7.46 10.34 A
FRI:Col-0-FLC:Col-0 STWU 0.59 0.93 0.66 - 7.45 9.50 A
FRI:C24-FLC:C24 FT - 0.00 0.00 0.05 61.95 88.47 A
FRI:C24-FLC:Col-0 FT 0.00 - 0.00 0.00 66.35 111.45 B
FRI:Col-0-FLC:C24 FT 0.00 0.00 - 0.00 38.04 82.59 B
FRI:Col-0-FLC:Col-0 FT 0.05 0.00 0.00 - 58.77 81.35 C
FRI:C24-FLC:C24 Leaves - 0.12 0.00 0.00 32.74 72.60 A
FRI:C24-FLC:Col-0 Leaves 0.12 - 0.00 0.00 37.57 84.18 A
FRI:Col-0-FLC:C24 Leaves 0.00 0.00 - 0.19 17.82 53.60 B
FRI:Col-0-FLC:Col-0 Leaves 0.00 0.00 0.19 - 30.52 61.73 B
FRI:C24-FLC:C24 Rosette - 0.00 0.12 0.73 32.74 72.60 A
FRI:C24-FLC:Col-0 Rosette 0.00 - 0.00 0.00 37.57 84.18 A
FRI:Col-0-FLC:C24 Rosette 0.12 0.00 - 0.70 17.82 53.60 B
FRI:Col-0-FLC:Col-0 Rosette 0.73 0.00 0.70 - 30.52 61.73 B
FRI:C24-FLC:C24 Chaff - 0.07 0.92 0.41 0.24 0.72 A
FRI:C24-FLC:Col-0 Chaff 0.07 - 0.02 0.00 0.15 0.58 A
FRI:Col-0-FLC:C24 Chaff 0.92 0.02 - 0.79 0.20 0.76 AB
FRI:Col-0-FLC:Col-0 Chaff 0.41 0.00 0.79 - 0.28 0.73 B
FRI:C24-FLC:C24 Yield - 0.01 0.66 0.99 0.00 0.16 A
FRI:C24-FLC:Col-0 Yield 0.01 - 0.14 0.01 0.00 0.08 A
FRI:Col-0-FLC:C24 Yield 0.66 0.14 - 0.69 0.02 0.10 AB
FRI:Col-0-FLC:Col-0 Yield 0.99 0.01 0.69 - 0.01 0.14 B
FRI:C24-FLC:C24 cWU - 0.00 0.00 0.34 542.85 742.18 A
FRI:C24-FLC:Col-0 cWU 0.00 - 0.00 0.00 615.91 892.05 B
FRI:Col-0-FLC:C24 cWU 0.00 0.00 - 0.02 338.35 852.93 B
FRI:Col-0-FLC:Col-0 cWU 0.34 0.00 0.02 - 555.14 703.11 C
FRI:C24-FLC:C24 cWP - 0.02 0.89 0.10 0.00 0.25 A
FRI:C24-FLC:Col-0 cWP 0.02 - 0.10 0.02 0.00 0.12 A
FRI:Col-0-FLC:C24 cWP 0.89 0.10 - 0.92 0.01 0.16 AB
FRI:Col-0-FLC:Col-0 cWP 0.10 0.02 0.92 - 0.01 0.22 B
STWU - Short term water-use, FT - Flowering time, Leaves - Number of rosette leaves at bud initiation, Rosette - Rosette b iomass, Chaff - 
Chaff b iomass, Yield - Seed yield, cWU - Calculated water-use, cWP - Calculated water productivity
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4.4   Discussion 
4.4.1 FRI and FLC underlie variation for flowering time and water 
use in the Col-0 x C24 RIL population 
It is only until relatively recently that appropriate statistical genetic methods that 
facilitate the elucidation of genes underlying quantitative traits have been developed. 
Consequently, we are still only just beginning to understand the genetic basis of traits of 
interest and how these genes impact upon plant physiology. The work described here links 
extensive assessments of whole plant physiology, specifically traits relating to water use and 
productivity, with quantitative genetics in an effort to dissect out the genetic basis of these 
traits. A large set of Arabidopsis RILs derived from parental ecotype lines, Col-0 and C24, 
which demonstrated substantial differences in traits relating to water use and productivity 
were utilized for this purpose. 
For all traits assessed as part of this investigation, a huge degree of genetic and 
phenotypic variation was detected within the RIL population (Fig. 4.1, Table 4.2). Crucially, 
this variation demonstrated a significantly heritable basis, which was assessed as both H2 
and CVG. The H2 of the fitness related traits were somewhat reduced compared to those of 
the other traits assessed. Concurrently, the fitness related traits demonstrated much higher 
CVG estimates. This pattern of estimates of genetic variation for the fitness and non-fitness 
related traits is parallel to what was observed with the scan of natural variation in Chapter 
Two. Similarly, it is supportive of the work of (Houle, 1992), which describes the unsuitability 
of H2 as an assessment of the genetic, or heritable, basis of fitness related traits, due to the 
high levels of residual variance these traits are typically subject too (Houle, 1992; Pigliucci, 
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2008). So, whilst the low-to-moderate H2 of seed yield and cWP suggests they may not be 
as genetically determined as flowering time, for example, its high CVG offers encouragement 
that it is highly selectable, therefore its genetic basis should be discernible through 
appropriate means.  
Essentially just five QTL were mapped as part of this investigation. One of these QTL, 
STWU:1, was unique to short term water use. A further QTL, FT:1, was observed to control 
a subset of the variation observed for flowering time only. A further QTL, STWU:3, detected 
for short term water use, which explained slightly more variation than STWU:1, was also 
detected for cWU, however this is not surprising since cWU is calculated based on short 
term water use. However, it should be noted that mapping for cWU did not detect STWU:1, 
presumably because its effect on water use is somewhat reduced compared to STWU:3. In 
general these three QTL defined far less variation than those identified on chromosomes 4 
and 5, additionally their intervals were far larger too. These QTLs do not overlap with any 
well-characterized genes, or previously mapped QTLs, that are known to influence flowering 
time, water use, drought resistance, or WUE. Future work to identify the causal genes 
responsible for these QTLs will require the saturation of these regions with further markers 
and subsequent fine mapping.  
The highly overlapping QTLs detected on chromosomes four and five underlie the 
vast majority of the variation for flowering and water use. These two QTL colocalise with the 
well-characterized flowering time genes FRI (chromosome 4) and FLC (chromosome 5). It 
is worth noting the studies of McKay et al (2008) and Strange et al (2011) that both identified 
single QTLs on chromosomes 4 and 5, for WUE and vernalisation requirements respectively. 
The single QTLs from these studies overlapped with each other and with the corresponding 
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QTLs from this present study. FRI and FLC were defined as responsible for the QTLs in 
McKay et al (2008) and Strange et al (2011). Alongside the evidence based on 
colocalisation, the genetic relatedness of the traits affected by these QTLs and their 
corresponding allelic effects provides compelling evidence to suggest that FRI and FLC are 
responsible for these QTL.  
Allelic variation at FRI has been identified as key to the well-described winter annual 
adaptation strategy of ecotypes persisting in particularly high latitudinal areas (Clarke & 
Dean, 1994; Gazzani et al., 2003). In brief, ecotypes possessing functional FRI alleles 
require a period of overwintering, termed vernalisation, during which time FRI increases the 
transcript level of the FLC floral repressor gene. Depending on the remaining genomic 
background, ecotypes with functional FRI alleles that do not undergo a period of 
vernalisation will either flower late or not flower at all. FLC is described as a floral repressor 
because it functions to repress the expression of multiple genes required for the transition to 
flowering (Michaels & Amasino, 1999).  
Despite its Portuguese origin, C24 possess a functional allele of FRI which would 
otherwise require a period of vernalisation to transition to flowering, else flowering would be 
very late. However, the FLC allele of C24 is non-functional, therefore the vernalisation 
requirement of C24-FRI is redundant (Michaels et al., 2003). The FRI and FLC alleles of the 
Col-0 ecotype are opposite in their functionality, that is to say that Col-0 harbors non-
functional and functional alleles of FRI and FLC respectively (Johanson et al., 2000). 
Therefore, the functional Col-FLC allele prevents noticeably early flowering, whereas the 
non-functional Col-FRI allele forfends a vernalisation requirement. The opposing allelic 
forms of FRI and FLC in Col-0 and C24 explain their similar flowering times. 
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4.4.2 A combination of non-functional FRI and FLC alleles reduces 
water use without penalizing reproductive performance 
Grouping the RILs comprising this present study into the various predicted allelic 
combinations of FRI and FLC offered the opportunity to assess the impact the functional 
state of these genes has on flowering time and water use. Crucially it also facilitated the 
assessment of how this variation impacts upon productivity as a unique trait, but also as a 
factor of water use. Those RILs that harbored the parental allelic combinations of FRI and 
FLC were not significantly different from one another in terms of flowering time or water use. 
This was to be as expected considering the detected importance of these genes and the lack 
of difference in flowering time between the parental lines. Similarly, cWU was not significantly 
different between these lines, which is of note considering these groups do not account for 
the variation at the gene, or genes, underling STWU:1/CWU:1. This, along with the lack of 
detection of STWU:3 following mapping for cWU, suggests that variation in long term water 
use is primarily a function of flowering time variation, rather than short term water use 
variation from which it is also calculated. This is presumably the case because variation for 
flowering time is far greater than variation for short term water use.  
Combining functional alleles of FRI and FLC, i.e. C24-FRI:FLC-Col, resulted in an 
increase in flowering time. This is concurrent with what would be predicted based on the 
known functional effect of these genes. Plants harboring homozygous functional FRI alleles 
will flower late if they do not undergo a period of vernalisation, additionally homozygous 
functional FLC alleles act to repress flowering further. Conversely, a combination of non-
functional alleles of both FRI and FLC reduced flowering time significantly. Again, this is as 
to be expected since the non-functional allele of FRI does not require a period of 
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vernalisation to cease positive regulation of FLC, and the non-functional FLC allele does not 
confer late flowering. The effects of the four different allelic combinations where mirrored for 
cWU, which of course is not wholly surprising since cWU is calculated based on flowering 
time. However, the variation in cWU that must be due to short term water use, from which 
cWU is also calculated, does not appear to disturb this trend. It is also worth noting that cWU 
was demonstrated in Chapters Two and Three to be a highly accurate proxy of measured 
long term water use (Fig. 2.8), so reducing flowering time is a highly efficient means of 
reducing water use.  
Alterations in flowering time and water use must be considered alongside their impact 
upon biomass accumulation, since reductions in either or both would be undesirable if they 
resulted in reductions in harvestable yield. There were no significant differences between 
the parental combination of FRI and FLC for biomass accumulation (Fig. 4.5). However, RILs 
predicted to harbor functional alleles of both FRI and FLC demonstrated significantly 
improved vegetative biomass accumulation, thus reflecting the well-described positive link 
between flowering time and vegetative performance, i.e. rosette biomass. However, the 
opposite is observed for reproductive performance, where the allelic combination of 
functional alleles actually results in significantly reduced seed yield (Fig. 4.5). Again, this 
reflects what has previously been observed as part of this study, and the studies described 
in Chapters Two and Three, where plants that flower later do not translocate the 
supplemental photosynthates acquired during extended photosynthetically active vegetative 
periods to reproductive sinks (Fig. 2.4). Therefore, flowering time is a good proxy for water 
use and total biomass accumulation, but not reproductive performance. To this end, the 
results demonstrated here, suggest that combining allelic forms of floral repressor genes 
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that increase flowering time, will increase water use and biomass accumulation concurrently, 
but not reproductive performance.  
Over the past 15 years, a significant body of work has been amassed which describes 
the natural variation of WUE, assessed almost exclusively via δ13C as a proxy, in Arabidopsis 
(McKay et al., 2003, 2008; Juenger & Mckay, 2005; Hausmann et al., 2005; Masle et al., 
2005) and closely related Brassica species (Fletcher et al., 2014). A recurring theme from 
this work is the detection of a positive genetic link between flowering time and WUE. Indeed, 
a major element of this work was the demonstration of FRI and FLC as key determiners of 
natural variation for WUE (McKay et al., 2008). Based on the results described in this present 
study, and from a purely rationalistic standpoint, I would contend that the recurring link 
observed between flowering time and WUE in these studies is possibly flawed. A plant that 
has an extended flowering time will use more water during its lifetime. Clearly, this seems a 
very elementary statement to make, but this has not been experimentally demonstrated until 
now. I would argue for this this reason alone it seems unlikely that increases in flowering 
time, i.e. longer life cycles, will be met with increases in WUE, for the simple reason that 
plants that flower later use more water, as such they will have reduced levels of WUE. I 
suggest that the only scenario whereby it could be envisaged that flowering time and WUE 
could be positively associated, would be a situation where extended flowering times are met 
with increases in biomass accumulation. To this end, I have consistently demonstrated, as 
part of the study described in this Chapter and those described in Chapters Two and Three, 
that flowering time is positively associated with rosette biomass accumulation (Figs. 2.4, 
3.14). Furthermore, it is predicted that combining functional alleles of FRI and FLC would 
increase both flowering time and rosette biomass. However, in order for WUE to be positively 
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associated with flowering time, simultaneous increases in biomass accumulation would have 
to compensate for the coinciding increase in water use. Further physiological analyses are 
required in order to determine whether this compensation in vegetative biomass occurs with 
extended flowering times to an extent that leads to improved actual WUE, not δ13C, 
compared to those plants that flower earlier and use less water. 
If a link between WUE and flowering time did exist in the above described manner, it 
would be feasible and appropriate to employ flowering time as a proxy of WUE. However, 
WUE in this sense holds no agronomic relevance, since the improvement in biomass 
accumulation is with regards to vegetative biomass only. Accordingly, it should be noted that 
the combination of functional alleles of FRI and FLC had significantly reduced seed yields 
compared to the combinations of functional and non-functional alleles in both iterations. This 
is worth noting since the vast majority of commercially grown crops are harvested for their 
reproductive product (FAO, 2016), including most crops of the Brassica genus that are 
directly related to Arabidopsis (Zhu et al., 2016), as such it is important for studies of this 
nature to consider the impact of reproductive performance. 
Unfortunately, the genetic mapping described here was unable to detect genomic 
regions responsible for the observed variation in either seed yield or cWP. This is likely due 
to the observed transgressive segregation, where the parental lines were situated toward 
the positive extreme of the total variation, as opposed to closer to the center like the other 
traits assessed. This problem could potentially be addressed by incorporating further RILs 
into the analysis, however I would argue an association mapping approach, whereby more 
natural variation for reproductive performance is captured, assessed and mapped for, would 
be more successful in term of de-novo gene discovery. Despite the lack of QTL detected for 
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seed yield and cWP, a single QTL on chromosome 4, which is highly likely to be FRI, was 
detected following mapping for chaff biomass. Chaff biomass shares a highly significant 
positive genetic correlation with both seed yield and cWP, as such could be considered a 
proxy, or physical marker, for both. With regards to FRI and chaff biomass, the allelic effect 
is opposite to flowering time and water use, where functional alleles, which increase water 
use and flowering time, decrease chaff biomass. This provide further motivation to explore 
the use of a combination of non-functional FRI and FLC alleles as a means of reducing water 
use, since it will at best likely improve reproductive performance and at worst not reduce it 
compared to parental lines, whose water use is greater. 
This investigation has identified FRI and FLC as indirect regulators of long term water 
use, due to their negative regulation of flowering time. A homozygous combination of non-
functional alleles of both FRI and FLC is predicted to significantly reduce water use 
compared to wild type Col-0 and C24 ecotypes, by reducing the time to floral transitioning. 
Crucially, a reduction in flowering time and water use mediated in this sense is not projected 
to detrimentally influence reproductive or vegetative performance, in terms of biomass 
accumulation. As such, these findings have important agronomic inferences, because they 
indicate the feasibility of combining a reduction in the time to harvest with a decrease in 
irrigational outlays, whilst not compromising yield.  
Future work, which has now been initiated, should seek to further understand the 
effects of functional and non-functional alleles of FRI and FLC in Col-0 and C24 genomic 
backgrounds. This could be achieved through the use of already-developed Near Isogenic 
Lines (NILs; Törjék et al., 2006) or targeted genome editing. Such work would build upon the 
predictions described here in terms of solidifying the response of flowering, water use, and 
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biomass accumulation to combining different alleles of these genes together. Additionally, 
confirmatory investigations should be initiated to ascertain that improvements to water use 
are being achieved through reduced flowering times, as opposed to some alternative action 
of FRI and FLC. It is proposed that this should be determined through assessing the long-
term water use and biomass accumulation of mutant lines of Arabidopsis whose internal 
circadian rhythms are maintained.   
 
 
 
 
 
 
 
 
 
 
 
 
159 
 
5. Genome wide association mapping for key traits 
relating to water use and productivity in 
Arabidopsis  
5.1 Introduction 
Understanding the genetic variation that underpins phenotypic variation for complex 
traits has been a major goal of plant scientists since Gregor Mendel’s hypothesis regarding 
the existence of internal factors, i.e. genes, that are generationally inherited (Mendel, 1865). 
Understanding this relationship is central to the development of elite crop varieties, through 
breeding or biotechnological approaches. Furthermore, it is also important for studies 
centered on understanding the molecular basis of ecological adaptation, which can in turn 
have implications for crop improvement.  
As discussed and demonstrated in the previous chapter, forward genetics as 
achieved through QTL mapping has been instrumental for our understanding of the genetic 
control of complex traits in Arabidopsis (Reviewed in: Weigel (2012)), and in many other 
plant species (Reviewed in: Holland (2007)). Moreover, QTL analyses have been 
successfully employed in animal studies too (Reviewed in: Solberg Woods (2014)). Despite 
the demonstrated and continued success of QTL mapping for gene discovery, it is a 
technique that is constrained in two fundamental ways, as described below. 
The first fundamental constraint of QTL mapping is that it is only possible to capture 
the allelic variation that segregates between the original parental lines, which may be 
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suitable for a few genetically related traits, but it is not guaranteed to be useful for many traits 
beyond this (Korte & Farlow, 2013). It is important to note that successful efforts have been 
made to address this by capturing increased allelic variation from more parental lines, before 
establishing RILs through successive rounds of selfing. This has been achieved in 
Arabidopsis through the MAGIC (Kover et al., 2009) and AMPRIL (Huang et al., 2011) 
populations. However, the generation of such populations requires substantial investments 
in time and effort. Furthermore, the populations are still limited to a few parental lines, in 
terms of the variation they capture. 
The second constraint to QTL mapping, which is particularly pertinent when dealing 
with RIL populations, is the decreasing rates of recombination that occur with each round of 
selfing from the F2 generation. This results in extended blocks of linkage which reduce the 
accuracy of linkage mapping (Korte & Farlow, 2013). Essentially, this results in QTLs with 
large confidence intervals which cover vast chromosomal distances, making it difficult to 
discern the precise gene(s) that define a QTL. What is more, these large linkage blocks give 
rise to the problem of linkage drag in plant breeding, where undesirable genes linked to 
genes of interests are transferred into elite germplasm following marker assisted breeding. 
For this reason, molecular markers that are based solely on QTLs can often be impractical 
for integration into breeding programs (Peng et al., 2014).  
GWAS is essentially achieved via combining thousands of one-way ANOVA 
comparison of means statistical tests (Hayes, 2013). The constraints that limit QTL mapping 
are to some extent addressed by GWAS. When working with multiple accessions of a 
species, as opposed to a specifically designed mapping population, the ancestral 
polymorphisms that transcend the genome are more informative. They allow the user to 
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capture far more variation, which means the same panel of multiple populations can be used 
to identify causal genetic variants of many more traits than is possible using a mapping 
population and associated QTL analysis. The obstacle here, however, is that many more 
lines need to be phenotyped in order to capture enough variation to identify candidate 
polymorphisms (Mauricio, 2001).     
Arabidopsis represents the ideal model organism for GWAS. This is primarily since 
ecotypes can essentially be maintained as if they were RILs, due to the plant’s self-
pollinating nature. Additionally, the genotypic resources that are available for Arabidopsis 
are unrivalled in plant research. Atwell et al (2010) made the genotypic information (250K 
SNPs) for over 1000 Arabidopsis ecotypes from across the Northern Hemisphere publicly 
available. This has facilitated the opportunity for researchers to begin performing large scale 
and high resolution GWAS. Furthermore, the availability of multiple and free software 
platforms to carry out such analysis has made this process even more accessible (Bradbury 
et al., 2007; Seren et al., 2012). These data and resources have been successfully employed 
to identify polymorphisms and genes related to drought resistance (Verslues et al., 2014), 
improved photosynthetic efficiency (van Rooijen et al., 2015), germination success (Morrison 
& Linder, 2014), and thermotolerance (Bac-Molenaar et al., 2015) in Arabidopsis. 
 Chapters Two and Three of this thesis highlighted the importance of water use, 
productivity, and water productivity as alternatives for assessing plant performance under 
either drought conditions or minimal water inputs. The QTL analysis described in chapter 
four, which utilized the RIL mapping population developed from crossing the ecotypes Col-
0 and C24 (Törjék et al., 2006), was ideal for discerning the genetic basis of water use. 
However, I had limited success identifying genetic loci contributing to variation for 
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productivity or cWP. This is likely due to the limitations of linkage disequilibrium mapping as 
previously described. Substantial variation exists between Col-0 and C24 for water use as 
determined by flowering time or as measured over the course of plants’ life cycles (Bechtold 
et al., 2010), consequently we were able to delineate the genetic basis of this variation 
through QTL mapping. The variation between these parental lines for productivity and water 
productivity is much smaller, as such the mapping population did not capture enough allelic 
variation for these traits.  
 To overcome the limitations of the QTL mapping and to dissect the genetic basis 
of productivity following an SD period and cWP, I employed a GWAS utilizing 117 ecotypes 
of Arabidopsis. Short term water use, cWU, flowering time, cWP, and key biomass 
accumulation parameters were assessed for all ecotypes. This allowed for further analysis 
of the relationships and heritable basis of these key traits. The MLMM approach as described 
by Segura et al (2012) was utilized for GWAS. This approach was preferred because of the 
increased statistical power it confers compared to alternative approaches and because of its 
suitability for use in Arabidopsis-based studies, as described in the materials and methods 
of this chapter. 
5.2 Materials and methods 
5.2.1 Plant material, growth conditions, and trait parameters 
assessed 
Seed for all ecotypes comprising this study were obtained from NASC (Scholl et al 
2000). 117 ecotypes that were included as part of the Atwell et al., (2010) RegMap project 
were randomly selected and represented a wide distribution across the Northern 
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Hemisphere (Table 5.1.). The growth conditions of plants and SD experiment for the GWAS 
are described in Chapter 2 (2.2.3). Briefly, this involved the assessment of short term water 
use as the soil drying rate from 100% to 20% rSWC. Following the SD period, biomass 
accumulation and flowering time were assessed (n = 15). These trait parameters were used 
to calculate long term water use (cWU) and water productivity (cWP). 
5.2.3. Statistical analyses 
The phenotypic assessment of all the ecotypes had to be temporally blocked due to 
space constraints within the controlled growth environments. Highly significant block effects 
were detected between these temporal blocks based on one-way ANOVA comparison of 
means testing (Table 5.2). Therefore, BLUPs were extracted using appropriate GLMMs 
(See: 2.2.5). Estimated means were subsequently calculated by adding BLUPs to population 
means. Estimated means were employed to assess genetic correlations between all the 
traits assessed via Pearson’s regression analysis and for the GWAS. 
Phenotypic (VP) and genotypic variance (VG) was calculated from the above GLMMs 
(described in Chapter 2). These values were used to estimate the H2 and CVG of all traits 
(See: 2.2.5). Briefly, H2 pertains to the degree of variation for a particular trait that is owing 
to genetic variation, whereas CVG provides an estimate of the propensity of a trait to respond 
to selection.  
5.2.4 Genome-wide association mapping  
Genotypic information for all 117 ecotypes comprising this study was obtained as part 
of the Regional Mapping (RegMap) project (Atwell et al., 2010). The RegMap project 
involved the genotyping of 1,307 widely distributed ecotypes of Arabidopsis using an 
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Affymetrix 250,000 SNP genotyping chip (Data accessed from: 
http://www.bergelson.uchicago.edu). The genotypic information relevant to the 117 ecotypes 
comprising this present study was extracted from the RegMap dataset. Missing genotype 
information was imputed within the TASSEL software package (Trait Analysis by 
aSSociation, Evolution, and Linkage; Bradbury et al (2007)), using the Linkage Disequibrlium 
K-Nearest Neighbor imputation (LD-kNNi) method. LD-kNNi imputes missing genotype 
information based on the k-nearest neighbor, i.e. most genotypically similar ecotype, but it 
also takes into account the extent of linkage disequibrlium of SNPs to be imputed when 
choosing which neighbor to base imputation on (Money et al., 2015).  
I employed the MLMM (Segura et al., (2012) approach for GWAS. This approach is 
based on the popular EMMA statistical test for association mapping (Kang et al., 2008). One 
of the fundamental issues of GWAS is the risk of false positive results arising due to 
population structure, i.e. relatedness between ecotypes in this case. EMMA addresses this 
issue by correcting for population structure by incorporating the pairwise relatedness of all 
ecotypes into the mixed models. EMMA has been demonstrated to eliminate the problem of 
false positives arising from GWAS for studies based on mice, Arabidopsis, and Maize (Kang 
et al., 2008). MLMM builds upon EMMA by including SNPs as cofactors in the analysis, much 
like composite interval mapping for QTL analysis. Using flowering time and ion accumulation 
studies as tests, MLMM has been demonstrated to reduce the risk of detecting false 
positives, as well as increasing statistical power, thereby increasing the feasibility of 
detecting important causal loci (Kang et al., 2008). MLMM has recently been successfully 
employed to identify key genes underlying variation for metabolites important for fruit flavor 
in tomato (Sauvage et al., 2014). 
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MLMM is a step-wise approach to GWAS, where the most significant SNP is added 
to the mixed model at each successive step. This stepwise process continues until no 
additional genetic variance can be explained by adding further SNPs to the model. At this 
point, the stepwise backward elimination of markers is initiated and proceeds until the 
original model, which accounts only for population structure, is reached (Segura et al., 2012). 
When using MLMM for GWAS, two criteria are available for the determination of the most 
significant model: the extended Bayesian information criterion (e-BIC; Chen & Chen (2008)) 
and the multiple-Bonferroni criterion (mBonf; Bonferroni (1936)). The Bonferroni criterion is 
typically considered to be more stringent, as such it was selected for determination of the 
most significant step-wise model. According to Segura et al (2012), the optimal MLMM 
GWAS model according to the Bonferroni criterion is the step where all SNPs that are 
incorporated as cofactors have –log10(p-values) above the Bonferroni significance threshold. 
If a situation arises where not all of the SNP co-factors from any of the stepwise models fall 
above the significance threshold, the original model (with no cofactors), which accounts for 
population structure only, is considered optimal. In this study, in situations where GWAS for 
particular traits resulted in no SNPs being considered significant according to the stringent 
Bonferroni threshold, a –log10(p-value) cut-off of 5 was designated as a significance 
threshold, as is typical with studies of this nature (van Rooijen et al., 2015).   
5.2.5 Identification of candidate genes and assessment of their 
response to abiotic stress using Genevestigator 
Linkage disequibrlium has been demonstrated to completely decay after 10kb in 
Arabidopsis (Kim et al., 2007). As such, I identified all the protein coding genes that where 
within a 20kb range (10kb upstream/downstream) of all SNPs that had -log10(p-values) 
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above the significance thresholds. This was achieved using the ‘Annotations Table’ section 
of the R-shiny application Zbrowse (Ziegler et al., 2015). Adopting a 10kb threshold for 
candidate gene identification based on SNPs of interest has been successful in previous 
Arabidopsis GWA-mapping studies (Verslues et al., 2014; van Rooijen et al., 2015). 
As a precursor to the future investigation of the characterization and function of 
candidate genes arising from the GWAS described here, I assessed their response to abiotic 
stress using the Genevestigator online platform for exploring transcriptomic data (Hruz et al., 
2008). For these analyses, the Affymetrix Arabidopsis ATH1 Genome Array dataset was 
used, with samples matching the ‘Stress’ condition for perturbations. A highly stringent log-
2-fold change in gene expression of 3 and a significance threshold of p-value < 0.001 was 
set to identify significant responses of the candidate genes to abiotic stresses. Multiple 
significant responses were detected, with the most interesting responses reported and 
discussed as part of this Chapter. 
5.3 Results  
5.3.1 The phenotypic basis of genetic variation for key traits 
relating to water use and water productivity 
Phenotypic variation for cWU and cWP, amongst other key water use and productivity 
related traits, was assessed for a randomly selected set of 117 Arabidopsis ecotypes that 
are part of the Horton et al., (2012) RegMap project and that originate from a wide variety of 
environmental conditions across the Northern Hemisphere (Table 5.1.).  
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Table 5.1. Plant material comprising the GWAS. For each line the native name (ecotype), 
geographic location or origin, and the experimental block are given. 
 
Ecotype Location of origin Experimental block(s)
Ag-0 Argentat, France 11
An-1 Anderlecht, Belgium 4
Ang-0 Angleur, Belgium 11
Ayu-Dag-2 Crimea, Ukraine 13
Bay-0 Bayreuth, Germany 4
Belmonte-4-94 Belmonte, Italy 13
Bil-7 Billaberget, Sweden 13
Bla-11 Blanes, Spain 9
Bor-1 Borky, Czech Republic 8
Bor-4 Borky, Czech Republic 8
Br-0 Bruno, Czech Republic 12
Bsch-2 Frankfurt, Germany 13
Buckhorn Pass Hayden Ridge, USA 5
Bur-0 Burren, Ireland 8
C24 Coimbra, Portugal All blocks
Cala-8 Villamayor de Calatrava, Spain 2
CIBC-17 Ascot, UK 12
CIBC-5 Ascot, UK 2
Col-0 Columbia, USA All blocks
Ct-1 Catania, Italy 8
Cvi-0 Cape Verde Islands 2
Dem-4 Dem, USA 4
Dog-4 Dogruyol, Turkey 5
Don-0 Donana, Spain 13
DraIV 2-6 Drahonin, Czech Republic 13
DraIV 4-2 Drahonin, Czech Republic 13
Ei-2 Eifel, Germany 1
En-2 Frankfurt, Germany 6
Est-1 Vagli, Estonia 3
Fab-2 Faberget, Sweden 13
Fei-0 St. Mariad. Feiria, Portugal 7
Ga-0 Gabelstein, Germany 12
Gel-1 Geleen, Netherlands 13
Got-22 Gottingen, Germany 3
Got-7 Gottingen, Germany 4
Gu-0 Guckingen, Germany 5
Gy-0 La Miniere, France 12
Hey-1 Heythuysen, Netherlands 13
Hod Hodja, Tadjikistand 13
Hr-10 Asoct, UK 11
HR-5 Ascot, UK 2
HSm Horni Smrcne, Czech Republic 13
Kas-1 Kashmir, India 8
Kas-2 Kashmir, India 13
Knox-10 Knox, USA 4
Knox-18 Knox, USA 9
Knox-19 Knox, USA 9
Kondara Kondara, Tajikistan 1
Kz-1 Karagandy, Kazakhstan 9
Kz-9 Karagandy, Kazakhstan 3
Lag2-2 Lagodechi, Georgia 5
Ler-0 Landsberg am Lech, Germany 6
LL-0 Llagostera, Spain 5
Lp2-2 Lipovec, Czech Republic 9
Lz-0 Lezoux, France 1
MOG-37 Mog, France 13
Mr-0 Mote, Italy 12
Mrk-0 Markt-Baden, Germany 5
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Table 5.1. (Continued from the previous page) 
 
Ecotype Location of origin Experimental block(s)
Ms-0 Ms, Russia 12
Mt-0 Martuba/Cyrenalka, Libya 6
Mz-0 Bad Camberg, Germany 10
N13 Koncehzero, Russia 13
Navajo-5 Navajo, Spain 12
Nd-1 Niederzenz, Germany 10
Nemrut-1 Nemrut Dag, Turkey 11
NFA-10 Ascot, UK 4
NFA-8 Ascot, UK 7
Nok-3 Noortlwik, Netherlands 11
Omo-23 Unknown 9
Oy-0 Oystese, Norway 11
PAR-3 Par, France 13
PHW-2 Tatsfield, UK 13
Pna-17 Benton Harbor, USA 11
Pro-0 Proaza- Spain 12
Pu2-23 Prudka, Czech Republic 10
Pu2-7 Prudka, Czech Republic 3
Ra-0 Randan, France 4
Ren-1 Rennes, France 10
Ren-11 Rennes, France 1
Rmx-A02 Michigan, USA 9
Rmx-A180 Michigan, USA 9
RRS-10 North Liberty, USA 9
RRS-7 North Liberty, USA 4
Sakhadara Shakdara, Tajikistan 4
San Martin-1 San Martin, Spain 13
Sapporo-0 Sapporo, Japan 13
Se-0 San Eleno, Spain 1
Sf-2 San Feliu, Spain 13
Shakdara Shakdara, Tadjikistan 10
Sn(5)-1 Unknown 13
Sorbo Sorbo, Tadjikistan 12
Spro 2 Gotland, Sweden 9
Sq-1 Ascot, UK 5
Sq-8 Ascot, UK 11
Tamm-2 Dragsvik, Finaldn 9
Tamm-27 Dragsvik, Finaldn 9
Tascha-1 Tsagguns, Austria 13
Truk-5 Trukhaniv Island, Ukraine 13
Ts-1 Tossa del Mar, Spain 12
Ts-5 Tossa del Mar, Spain 3
Tsu-1 Tsushima, Japan 8
Ull-25 Onnestad, Sweden 12
Uod-1 Linz, Austria 12
Uod-7 Linz, Austria 5
Van-0 Vancouver, Canada 6
Var2-1 Varhallarna, Sweden 12
Wa-1 Warsaw, Poland 11
Wei-0 Weiningen, Switzerland 2
Ws-0 Wassilwsklja, Russia 3
Ws-2 Wassilwsklja, Russia 1
Wt-5 Wietze, Germany 11
Xan-1 Xanbulan, Azerbaijan 1
Yo-0 Yosemite, USA 4
Zdr-1 Zdarec, Czech Republic 9
Zdr-6 Zdarec, Czech Republic 10
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An SD experiment was performed in order to determine the short term water use of 
all of the ecotypes comprising the GWAS. Following the SD period, all plants were kept well-
watered and flowering time was recorded. Additionally, biomass accumulation was assessed 
and long term water use (cWU) and water productivity (cWP) estimates were calculated. As 
previously described in chapter one, both cWU and cWP are accurate proxies of measured 
water use and measured water productivity respectively. I detected significant block effects 
between the temporally divided experimental blocks (Table 5.2). Consequently, BLUPs were 
extracted as variance components and combined with the appropriate population means to 
give estimated means, which were used for the GWAS and all other analyses.    
Table 5.2. Comparisons of means testing for all traits assessed as part of the GWAS. 
Testing was performed through one-way ANOVA for all traits. Comparisons were made 
based on all ecotypes, just Col-0, and just C24. Significance is indicated by *** p < 0.0001, 
and ** p < 0.01. 
 
The GLMMs facilitated the calculation of VG, which represents the total genetic 
variation, and VP, which represents the total phenotypic variation (environmental, genetic, 
and residual). Both variation coefficients were used to estimate H2. All traits assessed as 
part of the GWAS demonstrated highly significant H2, which varied from 0.320 for cWP to 
0.545 for flowering time. As with the ecotypes assessed in Chapter Two, the fitness-related 
Between experimental 
blocks (All ecotypes)
Between experimental 
blocks (Col-0)
Between experimental 
blocks (C24)
Short term water-use (ml-1 H20 plant-1) < .0001 *** < .0001 *** < .0001 ***
Flowering time (days) < .0001 *** < .0001 *** < .0001 ***
Leaves at bud initiation < .0001 *** < .0001 *** < .0001 ***
Rosette biomass < .0001 *** < .0001 *** < .0001 ***
Chaff biomass < .0001 *** < .0001 *** < .0001 ***
Seed yield < .0001 *** < .0001 *** < .0001 ***
Calculated water-use (ml-1 H20 plant-1) < .0001 *** < .0001 *** < .0001 ***
Calculated water productivity (mg seed plant-1 ml H20-1) < .0001 *** < .01 ** < .0001 ***
P-value
Trait parameter
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parameters, namely seed yield, chaff, and cWP, had the lowest levels of H2. However, the 
estimates were much higher in this extended study and closer to the non-fitness related 
parameters. This is likely because these particular estimates are based on much more 
genetic variation, over twice as many ecotypes were incorporated into this present study as 
the study described in Chapter Two (Tables 2.1, 5.1). 
Interestingly, the evolvabilities of seed yield and cWP were again much higher than 
the other parameters (Table 5.3). This reflects the observations described for these traits in 
the Chapter Two (Table 2.4) and suggests that fitness related parameters are far more 
sensitive to environmental heterogeneity than non-fitness related traits, and as such they are 
more likely to respond to selection. In general, the highly significant H2 for all parameters 
suggests that it is possible to dissect the genetic basis of the observed natural variation 
through GWAS.   
Table 5.3. Genotypic and phenotypic variation of the eight traits assessed as part of 
the GWAS. The true (arithmetic) mean, standard error (SE), genetic variance (VG), 
phenotypic variance (VP), broad sense heritability (H2), coefficient of genetic variance (CVG), 
and significance of H2 are provided for all traits. All traits displayed significant broad sense 
heritability indicated by *** (p < 0.0001).  
 
Trait Mean SE VG VP H 2 CVG Sig.
Short term water-use (ml H20 plant-1) 8.912 0.033 0.947 2.185 0.433 10.920 ***
Flowering time (days) 75.155 0.420 162.840 298.690 0.545 16.979 ***
Rosette leaves at bud initiation 51.293 0.566 199.100 530.900 0.375 27.509 ***
Rosette biomass (g) 0.312 0.005 0.019 0.041 0.469 44.336 ***
Chaff biomass (g) 0.431 0.006 0.034 0.090 0.374 42.522 ***
Seed yield (g) 0.076 0.002 0.002 0.007 0.335 63.917 ***
Calculated water-use (ml H20 plant-1) 667.193 4.583 14719 33063 0.445 18.184 ***
Calculated water productivity (mg seed plant-1 ml H20-1) 0.120 0.004 0.006 0.020 0.320 66.401 ***
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The estimated means of all of the eight traits assessed as part of the GWAS 
demonstrated variation that was not significantly different from normal (Fig 5.1.). It should be 
noted that the estimated means with negative values are not erroneous. It is possible to 
obtain estimated means below zero if the BLUPs from which they are calculated are 
extremely negative compared to the population mean, as is the case with seed yield and 
cWP (Fig. 5.1). In actuality, those ecotypes with negative estimated means for these traits 
would have demonstrated seed yields and cWPs that were just above zero. In general, all 
traits displayed substantial variation, for example those ecotypes that demonstrated the 
highest cWU were estimated to use double the volume of water than those that 
demonstrated the lowest cWU. Indeed, this trend was matched by all the other traits as well 
(Fig. 5.1).  
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Figure 5.1. Natural variation of estimated means for all traits assessed as part of this 
study. (a) Histogram displaying the natural variation for seed yield of all ecotypes.  (b) 
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Histogram displaying the natural variation for the number of rosette leaves at bud initiation 
of all ecotypes. (c) Histogram displaying the natural variation for rosette biomass of all 
ecotypes. (d) Histogram displaying the natural variation for flowering time of all ecotypes. (e) 
Histogram displaying the natural variation for short term water use of all ecotypes. (f) 
Histogram displaying the natural variation for chaff biomass of all ecotypes. (g) Histogram 
displaying the natural variation for calculated water use of all ecotypes. (h) Histogram 
displaying the natural variation for calculated water productivity of all ecotypes.  All traits 
displayed distributions that were not significantly different from normal (p > 0.05), per 
Shapiro-Wilks test for normality performed on the estimated means of all ecotypes. 
Genetic correlations were calculated between all traits as Pearson’s product-moment 
correlation coefficients using the estimated means (Fig. 5.2). Flowering time displayed a 
significant negative genetic correlation with both chaff biomass and seed yield. Conversely, 
flowering time showed a significant positive genetic correlation with vegetative performance, 
i.e. rosette biomass accumulation, suggesting that ecotypes that flower later translocate the 
majority of the additional photosynthates primarily into vegetative sinks. The final genetic 
association of interest is that of the negative correlation shared between cWU and seed 
yield, where ecotypes that use more water have reduced reproductive performance 
compared to those that use less water (Fig 5.2).  
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Figure 5.2. Correlation matrix plot describing the pairwise genetic correlations 
between all parameters assessed for all ecotypes comprising the GWAS panel. The 
size of the squares denotes the p-value, where larger squares indicate lower p-values, i.e. 
greater significance. The color of the square indicates the direction of the genetic 
correlations, with dark red indicating a negative correlation and dark blue indicating a positive 
correlation (see heat bar to the right). All squares not marked with a cross denote significant 
genetic correlations (p-value < 0.05). N = 15. 
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5.3.2 Genetic dissection of loci underlying the natural 
variation for key traits relating to water use and water 
productivity 
To overcome the limitations of QTL mapping for identifying the genetic basis of 
productivity related traits, I postulated that a GWA mapping approach maybe more fruitful in 
terms of identifying loci important for these more agronomically relevant traits. To this end, 
the MLMM approach to GWAS was employed to dissect out the genetic basis of natural 
variation for the traits described in the previous sub-section of this chapter. 
5.3.2.1 Short term water use 
For the short term water use GWAS, none of the stepwise models with SNPs added 
as cofactors were significant according to the Bonferroni significance criteria suggested by 
Segura et al (2012; Fig. 5.3). As such, the most significant model was the first model which 
accounts for population structure only (Fig. 5.4). With regards to this model, two SNPs had 
–log10(p-values) above the designated threshold of five, one on chromosome three 
(3_14663400; Fig. 5.3) and one on chromosome five (5_1079059; Fig. 5.3). Comparison of 
means testing confirmed the association of these SNPs to the variation for short term water 
use (Fig. 5.5).  
Seven protein coding genes were observed within the LD threshold of these two SNPs 
(Table 5.4). Analysis of the expression response of these genes to abiotic stress revealed 
that the IQ-DOMAIN 2 gene (AT5G03960) was up-regulated in response to salinity stress in 
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root cells and an uncharacterized gene (AT3G42550) was up-regulated in response to 
drought stress in whole root samples (Table 5.5). 
 
Figure 5.3. Manhattan plot of results for GWA-mapping for short term water use. Figure 
displays the –log10(p-values) (y-axis) over genomic positions (x-axis) where SNP markers 
included in this analysis exist. Successive chromosomes are denoted by the consecutive 
change in color from black to grey. The dashed red line indicates the selected threshold of 
5 -log10(p-value).  
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Figure 5.4. Summary statistics for GWA-mapping for short term water use (a) Quantile-
quantile plot describing the observed variance in –log10(p-values) compared to the expected 
distribution of variance for the optimal stepwise model. (b) Variance plot describing the 
evolution in variance with each step of the multi-locus mixed model analysis (Blue: Genetic 
variance explained by SNP cofactors; Green: Estimated total genetic variance, Red: Error 
variance) 
 
Figure 5.5. Allelic variation for short term water use of the two SNPs above the 
designated threshold from the associated GWAS. (a) Strip plot describing the variation 
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in short term water use of the A and G alleles of the SNP marker at 14663400bp on 
chromosome three. P-value < 0.0001 (b) Strip plot describing the variation in short term 
water use of the A and C alleles of the SNP marker at 1079059bp on chromosome five. P-
value < 0.0001. For both plots the larger red dot indicates the mean value and the extend 
arms denote the distance of the standard errors above and below the mean. P-values were 
generated from a one-way ANOVA comparison of means test. 
Table 5.4. Protein coding genes within a 20kb range of the two SNPs with –log10(p-
values) above a designated threshold of five from the GWAS for short term water use. 
The associated SNP marker, locus code, other names, and key gene ontology (GO) terms 
are provided for all genes. 
 
 
 
 
 
 
 
SNP Marker Locus code Other name(s) GO Biological process(es) GO cellular component(s) GO molecular function(s)
5_1079059 AT5G03960 IQ-Domain 12 Unkown Nucleus Calmodulin binding
5_1079059 AT5G03970 Unkown function Unkown Nucleus Unkown
5_1079059 AT5G03980 Unkown function Lipid Catabolic region Extraceullar region Hydrolase activity, acting on ester bonds
5_1079059 AT5G03990 Unkown function Unkown Unkown Unkown
5_1079059 AT5G03995 Unkown function Unkown Mitochondrion Unkown
5_1079059 AT5G04000 Unkown function Unkown Nucleus Unkown
3_14663400 AT3G42550 Unkown function Proteolysis Extraceullar region Aspartic-type endopeptidase activity
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Table 5.5. The response of genes associated with variation to short term water use to 
abiotic stress. The locus code, experimental details, and expression change details are 
provided for all experiments were the expression of genes arising from the GWAS for short 
term water use was significantly altered due to abiotic stress. These data were obtained 
using Genevestigator.  
 
5.3.2.2 Flowering time 
The optimal model for the flowering time GWAS was the second stepwise model, 
which included the 3_10792021 SNP as a cofactor. This model explained just over 40% of 
the total variation for flowering time (Figs. 5.6, 5.7). Comparisons of means testing confirmed 
the association of this SNP to gene(s) underlying the variation for flowering time (Fig. 5.8). 
Locus code Key experimental details Log2-ratio Fold-Change P-value References(s)
AT5603960
Salt stress (32h), 
root protoplast 
samples
-1.62 -3.09 < 0.001 Dinneny et al (2008)
AT5603960
Salt stress (8h), 
root protoplast 
samples
-1.7 -3.25 < 0.001 Dinneny et al (2008)
AT5603960
Salt stress (3h), 
root endodermis 
samples
-1.73 -3.31 < 0.001 Dinneny et al (2008)
AT5603960
Salt stress (1h), 
root protoplast 
samples
-1.75 -3.34 < 0.001 Dinneny et al (2008)
AT5603960
Salt stress (48h), 
root protoplast 
samples
-1.87 -3.67 < 0.001 Dinneny et al (2008)
AT3G42550 Drought study, root samples 2.79 6.86 <0.001
Galon et al (2010), 
Pandey et al (2013)
AT3G42550 Drought study, root samples 2.74 6.75 <0.001 Clauw et al (2015)
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Six protein coding genes exist within the predetermined LD threshold of this SNP (Table 
5.6). It is likely that the causal gene for this degree of variation for flowering time is 
STRUCTURE SPECIFIC RECOGNITION PROTEIN 1 (SSRP1). SSRP1 has been 
demonstrated as crucial for the transition from vegetative to reproductive growth, as it forms 
part of a transcription factor complex which binds to the promotor of FLC, thereby inducing 
its expression, which in turn delays flowering, since FLC suppresses FLOWERING LOCUS 
T (FT) and SUPPRESSOR OF OVEREXPRESSION OF CONSTANS (SOC1), which are 
genes that promote flowering (Lolas et al., 2010).   
 
Figure 5.6. Manhattan plot of results of GWA-mapping for flowering time. Figure 
displays the –log10(p-values) (y-axis) over genomic positions (x-axis) where SNP markers 
included in these analyses exist. Successive chromosomes are denoted by the consecutive 
change in color from black to grey. SNPs used as cofactors in the multi-locus mixed model 
analysis are highlighted in red. The Bonferroni significance threshold is displayed as the 
dashed grey line.  
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Figure 5.7. Summary statistics for GWA-mapping for flowering time (a) Quantile-
quantile plot describing the observed variance in –log10(p-values) compared to the expected 
distribution of variance for optimal stepwise model. (b) Variance plot describing the evolution 
in variance with each step of the multi-locus mixed model analysis as part of the GWAS for 
flowering time (Blue: Genetic variance explained by SNP cofactors; Green: Total genetic 
variance; Red: Error variance). 
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Figure 5.8. Allelic variation for flowering time of the significant SNP from the 
associated GWAS. Strip plot describing the variation in flowering time of the C and T alleles 
of the SNP marker at 1079202bp on chromosome three. P-value < 0.0001 as determined by 
a one-way ANOVA comparison of means test. 
Table 5.6. Protein coding genes within a 20kb range of the significant SNP from the 
GWAS for flowering time. The associated SNP marker, locus code, other names, and key 
gene ontology (GO) terms are provided for all genes. 
 
 
SNP Marker Locus code Other name(s) GO Biological process(es) GO cellular component(s) GO molecular function(s)
3_10792021 AT3G28720 Unkown function Unknown Endoplasmic reticulum, mitochondrion Unknown
3_10792021 AT3G28730
Site Specific 
Recognition 
Protein 1 
(SSRP1 )
Vegetative to reprodutive 
phase transition of meristem Nuclear euchromatin, nucleus DNA binding, TF activity
3_10792021 AT3G28740 Cytochrome P450
Insect defense (synthesis of 
volatile compounds) Membrane Oxygen binding
3_10792021 AT3G28750 Unkown function Unknown Chloroplast Unknown
3_10792021 AT3G28760 Unkown function Aromatic amino acid biosynthetic process Chloroplast
3-dehydroquinate synthase 
activity
3_10792021 AT3G28770 Unkown function Unknown Nucleus Unknown
 
 
183 
 
5.3.2.3 Number of rosette leaves at bud initiation 
The second stepwise model was the optimal iteration for the GWAS for the number 
of rosette leaves at the point of bud initiation (Figs. 5.9, 5.10). Here, the cofactor SNP, 
3_6586963, was the single significant SNP per the Bonferroni criterion and explained 25% 
of the total variation (Fig. 5.10b). Comparison of means testing confirmed the association of 
this SNP to variation for leaf number (Fig. 5.11). Four protein coding genes exist with the 
20kb threshold of this SNP (Table 5.7). Analysis of their expression in response to abiotic 
stress revealed that none were significantly up or downregulated in response to stress. 
Furthermore, there were no obvious developmental or anatomical patterns in the expression 
of these genes either. 
 
Figure 5.9. Manhattan plot of results of GWA-mapping for the number of rosette leaves 
at bud initiation. Figure displays the –log10(p-values) (y-axis) over genomic positions (x-
axis) where SNP markers included in this analysis exist. Successive chromosomes are 
denoted by the consecutive change in color from black to grey. SNPs used as cofactors in 
the multi-locus mixed model analysis are highlighted in red. The Bonferroni significance 
threshold is displayed as the dashed grey line.  
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Figure 5.10. Summary statistics for GWA-mapping for the number of rosette leaves at 
bud initiation. (a) Quantile-quantile plot describing the observed variance in –log10(p-
values) compared to the expected distribution for the optimal stepwise model. (b) Variance 
plot describing the evolution in variance with each step of the multi-locus mixed model 
analysis as part of the same GWAS (Blue: Genetic variance explained by SNP cofactors; 
Green: Total genetic variance; Red: Error variance). 
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Figure 5.11. Allelic variation for the number of rosette leaves at bud initiation of the 
significant SNP from the associated GWAS. Strip plot describing the variation in flowering 
time of the A and T alleles of the SNP marker at 6586963bp on chromosome three. P-value 
< 0.0001 as determined by a one-way ANOVA comparison of means test. 
Table 5.7. Protein coding genes within a 20kb range of the significant SNP from the 
GWAS for the number of rosette leaves at bud initiation. The associated SNP marker, 
locus code, other names, and key gene ontology (GO) terms are provided for all genes. 
 
 
SNP marker Locus code Other name(s) Key GO biological process(es) GO cellular component(s) GO molecular function(s)
3_6586963 AT3G19050
PHRAGMOPLAST 
ORIENTING 
KINESIN 2  (POK2 )
Cytokinesis Cytoplasm ATPase activity
3_6586963 AT3G19055 Unknown function Unknown function Mitochondrion Unknown function
3_6586963 AT3G19070 Unknown function Regulation of transcription Nucleus DNA binding
3_6586963 AT3G19080 Unknown function Unknown function Nucleus, plasmodesma DNA binding
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5.3.2.4 Rosette biomass 
The first model was the most significant model for the GWAS for rosette biomass. 
Four SNPs had –log10(p-values) above the significance threshold for this model, two on 
chromosome three, one on chromosome four, and one on chromosome five (Figs. 5.12, 
5.13). Comparison of means testing confirmed the associations of these SNPs to the 
variation for the rosette biomass accumulation (Fig. 5.14). There are 19 protein coding genes 
within the designated LD threshold of these four SNPs (Table 5.8). Of these 19 genes, the 
most responsive to abiotic stress was a previously uncharacterized gene which codes for a 
glycosyltransferase family protein (AT4G16710). This gene demonstrated substantial 
differential expression between ecotypes when subjected to a period of soil drying similar to 
the SD experiment employed in this study (Des Marais et al., 2012; Table 5.9).  
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Figure 5.12. Manhattan plot of results of GWA-mapping for rosette biomass. Figure 
displays the –log10(p-values) (y-axis) over genomic positions (x-axis) for where SNP markers 
included in these analyses exist. Successive chromosomes are denoted by the consecutive 
change in color from black to grey. The dashed red line indicates the selected significance 
threshold of 5 –log10(p-value).  
 
Figure 5.13. Summary statistics for GWA-mapping for rosette biomass (a) Quantile-
quantile plot describing the observed variance in –log10(p-values) compared to the expected 
distribution of variance for the most optimal stepwise model. (b) Variance plot describing the 
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evolution in variance with each step of the multi-locus mixed model analysis as part of the 
same GWAS (Blue: Genetic variance explained; Green: Total genetic variance; Red: Error 
variance).  
 
Figure 5.14. Allelic variation for rosette biomass of the four most significant SNPs 
from the associated GWAS. (a) Strip plot describing the variation in rosette biomass of the 
A and G alleles of the SNP marker at 5872268bp on chromosome three. P-value < 0.0001 
(b) Strip plot describing the variation in rosette biomass of the A and C alleles of the SNP 
marker at 10288478bp on chromosome three. P-value < 0.0001 (c) Strip plot describing the 
variation in rosette biomass of the G and T alleles of the SNP marker at 9392799bp on 
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chromosome 4. P-value < 0.0001. (d) Strip plot describing the variation in rosette biomass 
of the G and T alleles of the SNP marker at 8969604bp on chromosome 5.  For all plots the 
larger red dot indicates the mean value and the extend arms denote the distance of the 
standard errors above and below the mean. P-values were determined by a one-way 
ANOVA comparison of means test. 
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Table 5.8. Protein coding genes within a 20kb range of the two SNPs with – log10(p-
values) above a designated threshold of five from the GWAS for rosette biomass 
accumulation. The associated SNP marker, locus code, other names, and key gene 
ontology (GO) terms are provided for all genes. 
 
 
 
SNP marker Locus code Other name(s) Key GO biological process(es) GO cellular component(s) Key GO molecular function(s)
3_5872268 AT3G17190 Uknown function Unknown Mitochondrion Unknown
3_5872268 AT3G17205
UBIQUITIN 
PROTEIN LIGASE 
6 (UPL6)
Protein ubiquitination Nucleus Ubiquition-protein transferase activity
3_10288478 AT3G27730 MER3 Chiasma assembly Nucleus ATP binding
3_10288478 AT3G27740
CARBAMOYL 
PHOSPHATE 
SYNTHETASE A 
(CARA)
De-novo nucleotide synthesis Chloroplast ATP binding
3_10288478 AT3G27750
EMBRYO 
DEFECTIVE 3123 
(EMB3123)
Intron splicing, chloroplast 
organisation Chloroplast RNA binding
3_10288478 AT3G27770 Uknown function Unknown Membrane, chloroplast Unknown
3_10288478 AT3G27785
MYB DOMAIN 
PROTEIN 118 
(ATMYB118)
Negative endosperm development 
regulation, glucosinate 
biosynthesis
Nucleus DNA binding
4_9392799 AT4G16670 Uknown function Signal transduction Nucleus Phospatidylinositol binding
4_9392799 AT4G16680 Uknown function RNA splicing Nucleus ATP binding, RNA helicase activity
4_9392799 AT4G16690
METHYL 
ESTERASE 16 
(ATMES16)
Carboxylesterase activity Cytoplasm Catalytic activity
4_9392799 AT4G16695 Uknown function Unknown Golgi appartus Unknown
4_9392799 AT4G16700
PHOSPHATIDYLS
ERINE 
DECARBOXYLAS
E 1 (PSD1)
Phosophatidylethanolamine 
biosynthethesis Membrane, mitochondrion
Phosphatidylserine dearboxylase 
activity
4_9392799 AT4G16710 Uknown function Biosynthetic process Plasma membrane Transferase activity
4_9392799 AT4G16720 Uknown function Translation Multiple Structural constituent of ribosome
5_8969604 AT5G25757 Uknown function Formation of translation preinitiation complex Multiple
Translation initiation factor 
activity
5_8969604 AT5G25760 PEROXIN4 (PEX4) Protein ubiquitination Multiple Protein binding
5_8969604 AT5G25770 Uknown function Unknown Chloroplast Hydrolase activity
5_8969604 AT5G25780
EUKARYOTIC 
TRANSLATION 
INITIATION 
FACTOR 3B-2 
(EIF3B-2)
Formation of translation 
preinitiation complex Multiple
Translation initiation factor 
activity
5_8969604 AT5G25790 Uknown function Multicellular organism development Nucleus
Metal ion binding, transcription 
factor activity
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Table 5.9. The differential response of the AT4G16710 gene to slow soil drying in 
different ecotypes of Arabidopsis. Experimental details (ecotypes of interest) and 
expression change details are provided for all experiments. These data were obtained using 
Genevestigator.  
 
Locus code Key experimental details Log2-ratio Fold-Change P-value References(s)
AT4G16710
Slow soil drying, 
differential expression 
between CIBC-17 and 
Ws-2
1.91 3.76 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between HR-5 and Ws-2
1.77 3.42 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between Col-2 and Ws-2
1.71 3.28 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between NFA-10 and Ws-
2
1.68 3.19 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between Col-2 and Ts-1
1.67 3.16 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between NFA-10 and Ws-
2
1.67 3.17 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between SQ-8 and Ws-2
1.66 3.17 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between CIBC-17 and 
Ws-2
1.66 3.18 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between NFA-10 and Ts-
1
1.62 3.05 < 0.001 Des Marais et al (2012)
AT4G16710
Slow soil drying, 
differential expression 
between SQ-8 and Ts-1
1.62 3.05 < 0.001 Des Marais et al (2012)
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5.3.2.5 GWAS for chaff biomass 
The fourth MLMM model was the optimal model for GWAS for chaff biomass 
accumulation. This model accounted for over 60% of the total variation and included three 
SNPs as cofactors in the analysis. These cofactor SNPs were the only significant SNPs and 
were found on chromosomes one, two, and three (Figs. 5.15, 5.16). Comparison of means 
testing confirmed their association to the variation for chaff biomass accumulation (Fig. 5.17). 
14 protein coding genes were observed to exist within the predetermined LD threshold of 
these three SNPs (Table 5.10). Analysis of the expression of these 14 genes in response to 
abiotic stress revealed that the BCL-2-ASSOCIATED ATHANOGENE 6 (ATBAG6) gene is 
highly upregulated in response to multiple abiotic stresses, although it appears to be 
primarily associated to heat stress. With respect to drought stress specifically, ATBAG6 
demonstrated substantial upregulation in roots samples in response to mild drought stress 
(Table 5.11).  
The accumulation of chaff biomass has been demonstrated as part of this study, and 
in the studies comprising the preceding chapters, to be genetically linked with seed yield and 
water productivity. As such, the identification of ATBAG6 through GWAS for chaff biomass 
and its observed importance in the response to heat and drought stress, suggests that this 
gene may be important for combining improved heat and drought stress resistance with 
stabilized reproductive performance.  
 
 
 
 
193 
 
 
Figure 5.15. Manhattan plot of results of genome-wide association mapping for the 
chaff biomass. Figure displays the –log10(p-values) (y-axis) over genomic positions (x-axis) 
for where SNP markers included in these analyses exist. Successive chromosomes are 
denoted by the consecutive change in color from black to grey. SNPs used as cofactors in 
the multi-locus mixed model analysis are highlighted in red. The Bonferroni significance 
threshold is displayed as the dashed grey line.  
 
Figure 5.16. Summary statistics for GWA-mapping for chaff biomass accumulation (a) 
Quantile-quantile plot describing the observed variance in –log10(p-values) compared to the 
expected distribution for the optimal stepwise model. (b) Variance plot describing the 
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evolution in variance with each step of the multi-locus mixed model analysis (Blue: Genetic 
variance explained by SNP cofactors; Green: Estimated total genetic variance; Red: Error 
variance). 
 
Figure 5.17. Allelic variation for chaff biomass of the three significant SNPs from the 
associated GWAS (a) Strip plot describing the variation in chaff biomass of the A and G 
alleles of the SNP marker at 16926929bp on chromosome one. P-value < 0.0001 (b) Strip 
plot describing the variation in chaff biomass of the C and T alleles of the SNP marker at 
5872268bp on chromosome three. P-value < 0.0001 (c) Strip plot describing the variation in 
chaff biomass of the A and T alleles of the SNP marker at 18978629bp on chromosome 2. 
P-value < 0.0001.  For all plots the larger red dot indicates the mean value and the extend 
arms denote the distance of the standard errors above and below the mean. P-values were 
determined by a one-way ANOVA comparison of means test. 
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Table 5.10. Protein coding genes within a 20kb range of the significant SNPs from the 
GWAS for chaff biomass. The associated SNP marker, locus code, other names, and key 
gene ontology (GO) terms are provided for all genes.  
 
 
 
 
 
 
 
 
SNP marker Locus code Other name(s) Key GO biological process(es) GO cellular component(s) Key GO molecular function(s)
1_16926929 AT1G44800 SILIQUES ARE RED 1  (SIAR1 ) Amino acid export Membrane, mitochondrion
Amino acid transmbrane 
transporter activity 
1_16926929 AT1G44810 Uknown function Regulation of transcription Nucleus DNA binding
1_16926929 AT1G44820 Uknown function Hydrolase activity, aminoacylase activity
Chloroplast, endoplasmic 
reticulum Aminoacylase activity
1_16926929 AT1G44830 Uknown function Multiple Nucleus DNA binding
2_18978629 AT2G46180
GOLGIN 
CANDIDATE 4 
(GCC4 )
Golgi organisation Golgi apparatus Unknown
2_18978629 AT2G46190 Uknown function Unknown Mitochondrion Unknown
2_18978629 AT2G46200 Uknown function RNA splicing Cytoplasm Unknown
2_18978629 AT2G46210
SPHINGOID 
LCB 
DESATURASE 
2  (ATSLD2 )
Cellular response to cold Multiple Metal ion binding, oxidoreductase activity
2_18978629 AT2G46220 - Unknown Chloroplast Unknown
2_18978629 AT2G46225 ABI-1-LIKE 1 (ABIL1 )
Actin nucleation, trichome 
morphogenesis Cytoplasm Protein binding
2_18978629 AT2G46230 Uknown function Unknown Nucleus, small-subunit processome Unknown
2_18978629 AT2G46240
BCL-2-
ASSOCIATEED 
ATHANOGENE 
6 (ATBAG6)
Mutiple Nucleus, plasmodesma Calmodulin binding, protein binding
3_5872268 AT3G17190 Uknown function Unknown Mitochondrion Unknown
3_5872268 AT3G17205
UBIQUITIN 
PROTEIN 
LIGASE 6 
(UPL6 )
Multiple Multiple Ligase acitivity, ubiquitin-protein transferase activity
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Table 5.11 The differential response of ATBAG6 to various forms of abiotic stress. 
Experimental details, expression change details, and appropriate references are provided 
for all experiments. These data were obtained using Genevestigator. 
 
Locus code Key experimental details Log2-ratio Fold-Change P-value Reference(s)
AT2G46240 Heat stress, seedling samples 8.48 389.66 < 0.001 Not available
AT2G46240 Heat stress, seedling samples 8.46 358.95 < 0.001 Suzuki et al (2011)
AT2G46240 Heat stress, seedling samples 8.36 346.51 < 0.001 Not available
AT2G46240 Heat stress, seedling samples 8.27 311.92 < 0.001 Suzuki et al (2011)
AT2G46240 Heat stress, aerial tissue samples 7.97 251.12 < 0.001
Clauw et al 
(2015)
AT2G46240 Heat stress, aerial tissue samples 7.40 169.01 < 0.001 Not available
AT2G46240 Heat stress, shoot apical meristem samples 7.20 147.42 < 0.001
Clauw et al 
(2015)
AT2G46240 Heat stress, shoot apical meristem samples 7.06 134.59 < 0.001
Clauw et al 
(2015)
AT2G46240 Heat stress, green tissue samples 5.94 109.56 < 0.001
Clauw et al 
(2015)
AT2G46240 Hypoxia stress, seedling samples 5.63 49.32 < 0.001 Not available
AT2G46240 Heat stress 5.55 44.97 < 0.001 Clauw et al (2015)
AT2G46240 Heat stress, root samples 5.43 65.00 < 0.001 Clauw et al (2015)
AT2G46240 Drought stress, root samples 5.37 41.67 < 0.001 Pandey et al (2013)
AT2G46240 Heat stress 4.63 23.84 < 0.001 Clauw et al (2015)
AT2G46240 Drought stress, root samples 4.57 23.76 < 0.001 Clauw et al (2015)
AT2G46240 Hypoxia stress, seedling samples 3.80 13.95 < 0.001 Not available
AT2G46240 Salt stress (20h), root protoplast samples 2.87 7.35 < 0.001
Dinneny et al 
(2008)
AT2G46240 Salt stress (48h), root protoplast samples 2.76 6.75 < 0.001
Dinneny et al 
(2008)
AT2G46240 Drought stress, whole plant samples 2.41 5.40 < 0.001 Not available
AT2G46240 Salt stress (8h), root protoplast samples 2.37 5.18 < 0.001
Dinneny et al 
(2008)
AT2G46240 Osmotic stress, root samples 2.31 5.49 < 0.001 Clauw et al (2015)
AT2G46240 Salt stress (1h), root protoplast samples 2.05 4.14 < 0.001
Dinneny et al 
(2008)
AT2G46240 Salt stress, root samples 2.03 4.19 < 0.001 Clauw et al (2015)
AT2G46240 Salt stress (48h), root protoplast samples 1.89 3.69 < 0.001
Dinneny et al 
(2008)
AT2G46240 Salt stress (32h), root protoplast samples 1.62 3.10 < 0.001
Dinneny et al 
(2008)
 
 
197 
 
5.3.2.6 GWAS for seed yield 
The optimal model for the GWAS for seed yield was the second stepwise model. 
Here, the associated cofactor SNP (5_7666515) was the only SNP with a –log10(p-value) 
above the Bonferroni significance threshold (Fig. 5.18). This second stepwise model 
explained 18% of the total variation for seed yield (Fig. 5.19), which is a particularly large 
amount of variation for a trait that is likely influenced by many genetic factors, especially 
since I have already demonstrated that it is strongly influenced by environmental fluctuations 
(2.3.1). 
Comparison of means testing confirmed the association of 5_7666515 to the variation 
for seed yield (Fig. 5.20). Four protein coding genes were observed to be within the set 20kb 
range of this SNP (Table 5.12). Analysis of the response of these four genes to abiotic stress 
revealed that one gene in particular, CHY ZINC-FINGER AND RING PROTEIN 1 (CHYR1), 
is differentially expressed under abiotic stress, specifically heat and cold stress. CHYR1 is 
significantly down regulated in response to heat and cold stress (Table 5.13), furthermore it 
has recently been demonstrated to promote ABA-induced stomatal closure, thereby 
contributing to drought resistance and reduced water-loss through transpiration (Ding et al., 
2015). The downregulation of CHYR1, which leads to reduced stomatal conductance, in 
response to temperature stress is concurrent with observations that stomatal closures can 
be induced in response to cold (Wilkinson et al., 2001) or heat stress (Song et al., 2014).  
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Figure 5.18. Manhattan plot of results of genome-wide association mapping for the 
seed yield. Figure displays the –log10(p-values) (y-axis) over genomic positions (x-axis) for 
where SNP markers included in these analyses exist. Successive chromosomes are denoted 
by the consecutive change in color from black to grey. SNPs used as cofactors in the multi-
locus mixed model analysis are highlighted in red. The Bonferroni significance threshold is 
displayed as the dashed grey line.  
 
Figure 5.19. Summary statistics for GWA-mapping for seed yield (a) Quantile-quantile 
plot describing the observed variance in –log10(p-values) compared to the expected 
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distribution of variance for the optimal stepwise model. (b) Variance plot describing the 
evolution in variance with each step of the multi-locus mixed model analysis (Blue: Genetic 
variance explained by SNP cofactors; Green: Estimated total genetic variance; Red: Error 
variance). 
 
Figure 5.20. Allelic variation for the seed yield of the significant SNP from the 
associated genome-wide association mapping analysis. Strip plot describing the 
variation in seed yield of the C and G alleles of the SNP marker at 7666515bp on 
chromosome five. P-value < 0.0001. 
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Table 5.12. Protein coding genes within 10 kb up- and down-stream of the significant 
SNP from the GWAS for seed yield. The associated SNP marker, locus code, other names, 
and key gene ontology (GO) terms are provided for all genes. 
 
Table 5.13 The differential response of CHYR1 to temperature stress. Experimental 
details, expression change details, and appropriate references are provided for all 
experiments. These data were obtained using Genevestigator. 
 
 
SNP marker Locus code Other name(s) Key GO biological process(es)
GO cellular 
component(s)
Key GO molecular 
process(es)
5_766515 AT5G22900
ARABIDOPSIS 
THALINA 
CATION/H+ 
EXCAHNGER 
3  (ATCHX3 )
Cation transport Membrane
Monovalent 
cation:proton anitporter 
activity
5_766515 AT5G22910
ARABIDOPSIS 
THALINA 
CATION/H+ 
EXCAHNGER 
9  (ATCHX9 )
Cation transport Membrane
Monovalent 
cation:proton anitporter 
activity
5_766515 AT5G22920
CHY ZINC-
FINGER AND 
RING 
PROTEIN 1 
(CHYR1 )
Regulation of 
stomatal opening Nucleus Zinc ion binding
5_766515 AT5G22930 Unknown function Unknown Nucleus Unknown
Locus code Key experimental details Log2-ratio
Fold-
Change P-value Reference(s)
AT5622920 Heat stress, aerial tissue samples -2.05 -4.18 < 0.001 Unavailable
AT5622920 Cold stress, rosette samples -2.12 -4.33 < 0.001 Xu et al (2015)
AT5622920 Heat stress, aerial tissue samples -2.32 -4.95 < 0.001 Clauw et al (2015)
AT5622920 Cold stress, rosette samples -4 -15.96 < 0.001 Clauw et al (2015)
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5.3.2.7 Calculated water use 
The initial model was the optimal model for the GWAS for cWU. Two SNPs had 
association –log10(p-values) above the designated significance threshold, one on 
chromosome four and one on chromosome five (Figs. 5.21, 5.22). Comparison of means 
testing confirmed the association of these SNPs to the variation for water use (Fig. 5.23). 
Six proteins coding genes were observed to exist within the 20kb set LD threshold of these 
genes (Table 5.14). Analysis of gene expression in response to abiotic stress revealed that 
none of the genes showed a response to water stress. However one of the genes, a 
previously uncharacterized receptor like protein kinase (AT5G48540), is significantly 
upregulated in response to oxygen deprivation, also termed hypoxia (Table 5.15), indeed it 
is an ortholog of multiple cereal genes who encoded proteins are highly accumulated in 
coleoptiles of cereals grown under anoxia (Shingaki-Wells et al., 2011). AT5G48540 is also 
significantly upregulated in response to drought and osmotic stress, as evident from various 
unique studies (Table 5.15).  
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Figure 5.21. Manhattan plot of results of for GWA-mapping for calculated water use. 
Figure displays the –log10(p-values) (y-axis) over genomic positions (x-axis) for where SNP 
markers included in these analyses exist. Successive chromosomes are denoted by the 
consecutive change in color from black to grey. The dashed red line indicates the selected 
significance threshold of 5 –log10(p-value 
 
 
 
 
 
 
203 
 
 
Figure 5.22. Summary statistics for GWA-mapping for calculated water use (a) 
Quantile-quantile plot describing the observed variance in –log10(p-values) compared to the 
expected distribution for the optimal stepwise model. (b) Variance plot describing the 
evolution in variance with each step of the multi-locus mixed model analysis (Blue: Genetic 
variance explained by SNP cofactors; Green: Estimated total genetic variance; Red: Error 
variance). 
 
Figure 5.23. Allelic variation for calculated water use of the two most significant SNPs 
from the associated genome-wide association mapping analysis. Strip plot describing 
the variation in calculated water use of the A and C alleles of the SNP marker at 4842347 
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bp on chromosome four. P-value < 0.0001. (b) Strip plot describing the variation in calculated 
water use of the C and T alleles of the SNP marker at 19679914bp on chromosome five. P-
value < 0.0001. For both plots the larger red dot indicates the mean value and the extended 
arms denote the distance of the standard errors above and below the mean. P-values were 
generated from one-way ANOVA comparison of means tests. 
Table 5.14. Protein coding genes within a 20kb range of the two SNPS with –log10(p-
values) above a designated threshold of 5 from the GWAS for calculated water use. 
The associated SNP marker, locus code, other names, and key gene ontology (GO) terms 
are provided for all genes. 
 
 
 
SNP marker Locus code Other name(s) Key GO biological process(es)
GO cellular 
component(s)
Key GO molecular 
process(es)
5_19679914 AT5G48540 Unknown function Response to karrikin
Extracellular 
region Unknown
5_19679914 AT5G48543
LOW-
MOLECULAR-
WEIGHT 
CYSTEINE-RICH 
1 (LCR1)
Defense response 
to fungus
Extracellular 
region Unknown
5_19679914 AT5G48545
HISTIDINE TRIAD 
NUCLEOTIDE-
BINDING 3 
(HINT3)
Purine ribonucleotid 
and sulfur 
compound 
metabolic 
processes
Nucleus, 
peroxisome
Adenylylsufatase 
activity
5_19679914 AT5G48550 Unkown function Unknown Extracellular region Unknown
4_4842347 AT4G08025 Uknown function Unknown Extracellular region Unknown
4_4842347 AT4G08028 Unknown function Defense response to fungus
Extracellular 
region Unknown
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Table 5.15 The differential response of AT5G48540 to various abiotic stresses. 
Experimental details, expression change details, and appropriate references are provided 
for all experiments. These data were obtained using Genevestigator 
 
5.3.2.8 Calculated water productivity 
As with cWU, the optimal GWAS model for cWP was the initial model. Here, there 
was a single SNP on chromosome two above the significance threshold (Figs. 5.24, 5.25), 
whose association to the variation for cWP was confirmed via comparison of means testing 
Locus code Key experimental details Log2-ratio Fold-Change P-value Reference(s)
AT5G48540 Hypoxia stress, root samples 3.74 13.34 < 0.001 Unavailable
AT5G48540 Cold stress, green tissue samples 3.25 7.87 < 0.001 Clauw et al (2015)
AT5G48540 Osmotic stress, green tissue samples 2.89 6.23 < 0.001 Clauw et al (2015)
AT5G48540 Hypoxia stress, root samples 2.87 7.21 < 0.001 Clauw et al (2015)
AT5G48540 Drought stress, whole plant samples 2.63 6.21 < 0.001 Unavailable
AT5G48540 Cold stress, rosette samples 261 6.17 < 0.001 Unavailable
AT5G48540 Hypoxia stress, rosette samples 2.46 5.5 < 0.001 Licausi et al (2011)
AT5G48540 Drought stress, whole plant samples 2.13 4.39 < 0.001 Umezawa et al (2013)
AT5G48540 Drought stress, root samples 1.97 3.92 < 0.001 Clauw et al (2015)
AT5G48540 Cold stress, root samples 1.88 3.59 < 0.001 Clauw et al (2015)
AT5G48540 Freezing stress 1.88 3.7 < 0.001 Zuther et al (2012)
AT5G48540 Drought stress, root samples 1.88 3.67 < 0.001 Pandey et al (2013)
AT5G48540 Wounding stress, green tissue samples 1.82 3.36 < 0.001 Clauw et al (2015)
AT5G48540 Cold stress, rosette samples 1.81 3.53 < 0.001 Unavailable
AT5G48540 Freezing stress 1.8 3.44 < 0.001 Xu et al (2015)
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(Fig. 5.26). There are two protein coding genes within the designated threshold of this SNP 
(Table 5.16), however neither are represented on the Array used on Genevestigator to 
evaluate gene expression. For this reason, it was not possible to assess the response of 
these genes to abiotic stress based on previous research. Additionally, there are no 
published accounts of the function of these genes. Indeed, there is a just a single Gene 
Ontology biological function pertaining to disease resistance being attributed to AT2G03955. 
Due to the lack of previous studies into the function and response of these genes to abiotic 
stress, they represent wholly novel candidates that may be central to elucidating the genetic 
and molecular basis of variation for water productivity.  
 
Figure 5.24. Manhattan plot of results for GWA-mapping for calculated water 
productivity. Figure displayed the –log10(p-values) (y-axis) over genomic positions (x-axis) 
where SNP markers included in this analysis exist. Successive chromosomes are denoted 
by the consecutive changes in color from black to grey. The dashed red line indicates the 
selected significance threshold of 5 –log10(p-value).  
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Figure 5.25 Summary statistics for GWA-mapping for calculated water productivity. 
(a) Quantile-quantile plot describing the observed variance in –log10(p-values) compared to 
the expected distribution of variance for the optimal stepwise model. (b) Variance plot 
describing the evolution in variance with each step of the multi-locus mixed model analysis 
(Blue: Genetic variance explained by SNP cofactors; Green: Estimated total genetic 
variance, Red: Error variance). 
 
Figure 5.26. Allelic variation for calculated water productivity of the single SNP above 
the designated threshold from the associated GWAS. Strip plot describing the variation 
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in calculated water productivity of the C and T alleles of the SNP marker at 1233158bp on 
chromosomes 2. P-value < 0.0001 as determined by a one-way ANOVA comparison of 
means test. The red dot indicates the mean value and the extended arms denote the 
distance of the standard errors above and below the mean. 
Table 5.16. Protein coding genes within a 20kb threshold of the single SNP with a –
log10(p-value) above a designated threshold of five from the GWAS for calculated 
water productivity. The associated SNP marker, locus code, other names, and key gene 
ontology (GO) terms are provided for both genes.  
 
5.4  Discussion       
5.4.1 Phenotypic basis of genetic variation for traits 
pertaining to water use and reproductive fitness 
The genetic variation present between the 117 ecotypes translated into substantial 
variation for water use, flowering time, and both vegetative and reproductive performance 
(Fig. 5.1). Arabidopsis has been employed as a model for assessing natural variation for 
flowering time (Méndez-Vigo et al., 2011; Sasaki et al., 2015; Sanchez-Bermejo & 
Balasubramanian, 2016) and biomass accumulation (Meyer et al., 2007; Atwell et al., 2010; 
Sulpice et al., 2013). Indeed this natural variation has been employed to dissect the genetic 
basis of these traits in Arabidopsis via traditional linkage mapping (Flowering time: Clarke & 
SNP marker Locus code Other name(s) Key GO biological process(es)
GO cellular 
component(s)
Key GO molecular 
process(es)
2_1233158 AT2G03937 Unknown function Unknown Extracellular region Unknown
2_1233158 AT2G03955 Unknown function
Defense response 
to fungus Extracellular region Unknown
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Dean (1994) Clarke et al (1995); Biomass: Meyer et al (2004, 2010)) and also GWAS 
(Flowering time: The 1001 Genomes Consortium (2016)).  
Despite the above, there have been no published accounts of efforts to study the 
natural variation of long term measures of water use. However, it should be noted that there 
have been numerous studies centered on understanding the genetic and phenotypic 
variation for traits such as WUE and drought resistance (Juenger & Mckay, 2005; Hausmann 
et al., 2005; Masle et al., 2005; Mojica et al., 2016).  However, as demonstrated as part of 
Chapters two (2.3.1) and three (3.3.1), these parameters are not accurate proxies of 
reproductive performance or long term water use, as such it is important that efforts are 
made that allow us to begin to understand the variation that exists here and how it relates to 
reproductive performance.  
The variation observed for flowering, biomass accumulation, and water use 
demonstrated a highly significant genetic basis within this GWAS mapping panel, both in 
terms of heritability and evolvability (Table 5.3). In general, studies of this nature do not tend 
to address the idea of evolvability, instead focusing on the idea of heritability (McKay et al., 
2003; Lau et al., 2007; Kenney et al., 2014; Easlon et al., 2014). Evolvability is arguably 
more relevant for traits pertaining to fitness and provides a measure of their selective 
potential (Pigliucci, 2008). However, the values of H2 in this study are very similar to values 
obtained for traits whose genetic basis has been successfully elucidated in previous GWA 
studies, such as hypocotyl phenotypes important for shade avoidance (Filiault & Maloof, 
2012) and germination-related traits (Morrison & Linder, 2014). As such, the moderate 
heritabilities demonstrated by the traits of interest suggest that a significant proportion of the 
total variation observed is due to genetic variation and that this variation should be 
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discernible. The detection of significant block effects between the Col-0 and C24 ecotypes 
included in every experimental block suggests that there is also substantial variation due to 
environmental heterogeneity, however this is not uncommon for studies of this nature and 
was appropriately accounted for via the use of BLUPs and estimated means. 
The opposing genetic associations flowering time displays with reproductive and 
vegetative performance points toward the existence of a resource allocation trade off. It has 
long been understood that the differential allocation of resources toward reproductive 
performance as opposed to continued growth and survival is key to the evolution of life 
history strategies in all organisms, but especially plant species due to their sessile life cycles 
(Roff & Fairbairn, 2007). Flowering is often considered a defense mechanism, e.g. drought 
escape (Reviewed in: Kooyers (2015)), by those concerned with crop improvement. 
However, when considering wild plant species in their natural environments, I would argue 
that it is probably more pertinent to consider this phenomenon as more of a last resort in 
order to ensure some reproductive success. Indeed ill-timed diversion of resources into 
reproductive transitioning and fitness has long been suggested as costly from an ecological 
perspective, given the likelihood of encountering biological or environmental perturbations in 
the wild (Bell, 1979; Reznik, 1985; Lovett Doust, 1989).  
Despite the long standing recognition of the above described trade off, little is actually 
known with respect to its functional or genetic basis. A relatively recent reciprocal transplant 
QTL study from Remington et al (2013) demonstrated that the allelic variants of QTLs that 
improve vegetative growth and extend flowering time in Arabidopsis lyrata actually reduce 
reproductive output and vice versa, which is in concurrence with the negative genetic 
correlation observed between reproductive performance and both flowering time and 
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vegetative biomass accumulation here (Fig. 5.2). With respect to this point, it is worth 
remembering that both Arabidopsis thaliana and Arabidopsis lyrata are undomesticated 
species. Therefore, in order to persist in the wild, where environmental conditions are 
heterogeneous and very rarely continually optimal, they have to balance tradeoffs between 
investment in vegetative growth and defense against environmental perturbations with 
reproductive transitioning (Lovett Doust, 1989). Domesticated crop species do not have to 
adopt similar reproductive and resource allocation strategies, since they are almost 
exclusively bred and cultivated under optimal conditions without concern for economy of 
water use. As such, they have been bred to delay flowering and senescence in order to boost 
yields (Blum, 2009). This is unsustainable from a water availability standpoint, but also with 
respect to nutrient availability, as such it is important that concerted efforts are made toward 
understanding resource allocation strategies in food and fuel crops.  
5.4.2 Candidate genes underlying key water use and 
productivity related traits 
5.4.2.1 Flowering time 
The SSRP1 gene, which is linked to the significant SNP from the flowering time 
GWAS, is the only candidate gene for which a defined role in floral transitioning has been 
demonstrated. SSRP1 has been well characterized as central to the timing of flowering, 
because it induces the expression of the floral repressor gene FLC, thereby negatively 
regulating flowering time. Expression of FLC in mutant ssrp1 lines has been demonstrated 
to result in early flowering (Lolas et al., 2010). Five further genes were identified in close 
proximity to this significant SNP, and of those only CYP81D11 has previously been 
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characterized. CYP81D11 is significantly upregulated in response to jasmonic acid 
accumulation and is known to be important for defense against herbivory, however neither 
mutant or overexpressor lines of CYP81D11 appear to elicit changes in flowering time 
(Matthes et al., 2010, 2011). The SD period does not elicit an early flowering response, i.e. 
drought escape, in Arabidopsis (3.3.1). For this reason, it is unlikely that the identification of 
SSRP1 is indicative of its importance for drought resistance. However, the significant 
negative genetic correlation between flowering and seed yield, could suggest that those 
ecotypes with weaker or non-functional alleles of SSRP1 could perhaps be higher yielding.  
5.4.2.2 Short term water use 
As discussed previously, the SD period employed as part of this study does not 
represent a typical drought stress, as neither flowering time nor reproductive performance 
appear to be detrimentally affected (3.3.1). However, the mild soil drying that occurs during 
this period elicits a response in terms of transcriptional changes and the induction of stress 
signaling (Bechtold et al., 2016), as evident from the physiological responses described in 
chapter two (2.3.1). To this end, reduced short term water use can be perceived to be 
associated with drought resistance, specifically drought avoidance, because those ecotypes 
who use less water in the short term will not succumb to severe drought as quickly as those 
who use more. It is therefore conceivable that genes implicated in the response to drought 
stress may also correspond to genes underlying variation for both drought resistance and 
reduced short term water use.  
 With respect to the above, two genes identified from the GWAS for short term water 
use demonstrated highly differential expression in response to abiotic stress. The significant 
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SNP on chromosome five is in close proximity to IQ-DOMAIN 12 which encodes a calmodulin 
binding nuclear protein (Table 5.4). All the genes known to belong to the IQ-Domain family 
in Maize have recently been demonstrated to be highly responsive to drought (Cai et al., 
2015). In Arabidopsis, however, no previous studies have specifically addressed the effect 
of abiotic stress on genes belonging to this family. However, analysis of IQ-DOMAIN 12 with 
Genevestigator revealed that it is substantially downregulated in response to salt stress in 
root protoplast cells, which suggests that it is central to the response of high levels of salinity, 
especially since calmodulin proteins are archetypal sensors of Ca2+ signatures, which are 
elicited in response to salt stress. It is well understood that salinity and drought stresses 
generate similar Ca2+ signatures, termed calcium spikes (Reviewed in: Knight & Knight 
(2001)), which when detected by appropriate sensors initiate conformational changes that 
facilitate appropriate responses (Yang & Poovaiah, 2003). Salinity and drought initiate 
common plant defense responses, primarily reductions in the rate of photosynthetic activity 
(Chaves et al., 2009). To this end, it is reasonable to suggest that IQ-DOMAIN 12 may be 
important for detecting calcium spikes that are associated with both mild soil drying and 
salinity stress. Signaling in this sense may initiate reductions in photosynthetic activities that 
are related to reduced water use, drought avoidance, and salinity tolerance. IQ-DOMAIN 12 
may not be as differentially expressed under water stress as it is under salt stress, because 
salinity stress is known to affect gene expression more intensely as it elicits the combined 
effect of dehydration and osmotic stress also (Chaves et al., 2009). For this reason, its 
response to drought stress may not have been detected using the most stringent terms on 
Genevestigator, even though its response to salinity was (Table 5.5).      
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 The previously uncharacterized aspartyl protease gene which is linked to the 
significant SNP for short term water use on chromosome 3 was observed to demonstrate 
significant upregulation in root samples in response to drought stress in three separate 
studies (Tables. 5.5). Aspartic proteases are a subfamily of proteolytic enzymes, of which 
there are at least 51 within the Arabidopsis genome (Faro & Gal, 2005). However, there have 
been very few studies into the physiological and biochemical functions they afford in 
Arabidopsis. With respect to drought stress, aspartic proteases have been demonstrated to 
be important in the response to drought in buckwheat (Timotijevic et al., 2010), cowpea (de 
Carvalho et al., 2001), and common bean (Contour-Ansel et al., 2010). Additionally, the 
study of (Yao et al., 2012) demonstrated that the ASPARTIC PROTEASE IN GUARD CELL 
1 (ASPG1) gene in Arabidopsis functions in drought avoidance through ABA signaling in 
guard cells, where its overexpression enhanced ABA sensitivity in guard cells, thereby 
reducing water loss. Based on its upregulation in root tissues in response to drought and the 
apparent importance of the aspartic protease gene family in the response to drought in 
numerous plant species, the uncharacterized aspartyl protease gene identified here 
represents an exciting candidate gene offering the potential for reducing short term water 
use.   
5.4.2.3 Rosette biomass accumulation 
Four SNPs were significantly associated with the variation for vegetative biomass and 
19 protein coding genes were observed to exist within the designated LD threshold. I 
previously demonstrated that the accumulation of vegetative biomass is not as sensitive to 
environmental heterogeneity as reproductive performance, i.e. it is a less plastic trait (2.3.1). 
However, like reproductive performance, growth and the accumulation of vegetative biomass 
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is highly polygenic (Meyer et al., 2010), with certain genes being of greater importance under 
certain conditions (Bac-Molenaar et al., 2015; Miller et al., 2015). Consequently, it is difficult 
to discern which of the 19 gene(s) identified through GWAS for rosette biomass underlie the 
observed variation. Despite this, the previously uncharacterized glycosyltransferase family 
gene located on chromosome four does stand out, because of the known influence of plasma 
membrane located glycosyltransferases for growth, development, and environmental 
responses (Reviewed in: Perrin (2008).  Membrane-bound glycosyltransferases are critical 
for growth, as they are the predominant synthesizers of cellulose and callose, which are the 
main cell wall components (Reviewed in: Williams & Davies (2001)). In addition, it was 
observed that differences in expression between ecotypes of the glycosyltransferase gene 
during soil drying are largely between Ws-0 and other ecotypes, where Ws-2 demonstrates 
markedly reduced expression (Table 5.9; Des Marais et al (2012)). Interestingly, Ws-2 also 
demonstrated a much reduced level of biomass accumulation. It is worth noting that Ws-2 
also demonstrated reduced cWU and relatively high seed yield, as such the above suggests 
that manipulation of the previously uncharacterized glycosyltransferase gene identified 
through GWAS for rosette biomass may facilitate the opportunity to reduce resource 
allocation to vegetative sinks, whilst concurrently reducing water use and maintaining 
reproductive performance.  
5.4.2.4 Chaff biomass accumulation  
The GWAS for chaff biomass identified 14 candidate genes. Chaff biomass is 
genetically linked to reproductive performance (Fig. 5.3), and many studies have used 
counts of inflorescence stems or siliques as physical markers of fitness (E.g. Wagner et al., 
2011; Akiyama & Ågren, 2012; Dittmar et al., 2014). As a major component of above ground 
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biomass and a driver of reproductive fitness, chaff biomass accumulation is certain to have 
a highly polygenic basis, however the genetic basis of chaff biomass per se has not been 
explored to date.  
Due to its polygenic nature, it is again somewhat difficult to discern exactly which of 
the 14 associated protein coding gene(s) underlies the genetic variation explained by the 
associated GWAS model. One of these genes, SILIQUES ARE RED 1 (SIAR1), is central to 
the allocation of organic nitrogen and amino acid biosynthesis in developing siliques. 
However, its manipulation does not appear to affect the dry weight or number of siliques 
(Ladwig et al., 2012). For this reason, it is unlikely that allelic variation at SIAR1 is responsible 
for the observed variation for chaff biomass.  
Of the remaining genes, ATBAG6 stands out because of its known role in heat 
tolerance (Nawkar et al., 2016; Table 5.11) and its upregulation in response to drought and 
various other abiotic stresses (Table 5.11). ATBAG6 is a member of the BCL-2-
ASSOCIATED ATHANOGENE (BAG) gene family. For Arabidopsis, there is limited 
information available concerning the function of BAG genes, however a number have been 
investigated with respect to their role in controlling programmed cell death (PCD) in response 
to cold, heat, UV, and biotic stresses (Williams et al., 2010). Indeed, a recent study focusing 
especially on ATBAG6 confirmed this upregulation in relation to heat stress and 
demonstrated that loss of ATBAG6 resulted in impairment of basal thermotolerance and 
increased cell death upon multiple abiotic stresses (Nawkar et al., 2016). Since the 
availability of water and atmospheric temperature are typically parallel (Lobell & Gourdji, 
2012), allelic variation that can facilitate resistance to drought and heat stress is clearly of 
huge interest. ATBAG6 facilitates tolerance of multiple stresses through the regulation of 
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PCD. Furthermore, its potential association to reproductive biomass accumulation offers the 
potential to combine improved abiotic stress tolerance with improved fitness. Additional 
incentive is provided to this hypothesis because of the known importance of PCD in 
facilitating appropriate plant development and growth (Reviewed in: Reape et al., 2008; 
Reape & McCabe, 2010) which potentially underlies the discovery of ATBAG6 through 
GWAS for chaff biomass.    
5.4.2.5 Seed yield 
Four proteins coding genes were identified arising from the GWAS for seed yield. Two 
of these genes, ARABIDOPSIS THALIANA CATION/H+ EXCHANGER 3 (ATCHX3) and 
ARABIDOPSIS THALIANA CATION/H+ EXCHANGER 9 (ATCHX9), belong to a putative 
Na+/H+ antiporter family and are likely involved in the modulation of intracellular and/or 
intercellular pH regulation. However, their precise functions have not been explored to date. 
Of the two remaining genes, one encodes for a protein domain of unknown and function and 
the other encodes for a ring zinc-finger protein, CHYR1, which has been well demonstrated 
to contribute to drought tolerance (Hsu et al., 2014; Ding et al., 2015).  
Hsu et al (2014) demonstrated that loss-of-function of CHYR1 reduced the relative 
stomatal aperture of Arabidopsis under non-stressful conditions, and that this loss-of-
function phenotype could be rescued via the expression of a rice homolog of CHYR1, 
OsRZFP34. This same study also demonstrated that expression of OsRZFP34 in 
Arabidopsis increased evaporative cooling under heat stress; however elevated levels of 
water loss were also observed with ABA treatment, suggesting OsRZFP34 expression is 
ABA-insensitive in Arabidopsis. Ding et al (2015) built upon this preceding study by 
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demonstrating that the expression of CHYR1 specifically is in fact highly responsive and 
positively regulated by both ABA and drought stress. CHYR1 was observed to promote ABA-
induced stomatal closure, ROS production, and drought tolerance (Ding et al., 2015). 
The above describes how CHYR1 is hugely important for regulating water loss; as 
such manipulation of CHYR1 offers the potential to reduce long term water use. At this point, 
it is difficult to discern whether CHYR1 is responsible for the variation for seed yield explained 
by the significant GWAS model – this would require appropriate validation testing of all four 
genes linked to the associated SNP. However, its association with the regulation of stomatal 
conductance and therefore photosynthetic activity in general suggests that it may well be 
important for reproductive biomass accumulation as well as for water use, which is an 
exciting proposition. 
5.4.2.6 Calculated water use and calculated water productivity 
The previously uncharacterized receptor like kinase (AT5G48540) stands out as a 
particularly probable candidate gene underlying the associated variation for cWU. This gene 
was observed to be significantly upregulated in response to oxygen deprivation of the roots 
and drought in multiple studies (Table 5.15). A known response of root hypoxia is the 
increased concentration of ABA in leaf tissues (Bradford & Yang, 1980; Kozlowski, 1997; Gil 
et al., 2009), which plays a role in root-to-shoot signaling inducing stomatal closure in 
waterlogged plants (Else et al., 1995; Gil et al., 2009), similar to the well characterized 
drought response mechanism (Reviewed in: Jia & Zhang, 2008). Consequently, the protein 
kinase in question may be implicated in the response to both drought and hypoxia, where it 
mediates a reduction in the rate of stomatal conductance via a common root-to-shoot ABA 
 
 
219 
 
signaling pathway. This candidate gene may well be important for drought tolerance, 
however in situations where water availability is reduced, it may also be important for 
reducing long term water use. For this reason, it is plausible that this gene is directly 
responsible for a substantial proportion of the variation observed for cWU.       
Both of the candidate genes associated with cWP are uncharacterized DEFENSIN-
LIKE (DEFL) family protein coding genes. There is some evidence that DEFL genes are 
important in the response to drought and other abiotic stresses (Yamada et al., 1997; Maitra 
& Cushman, 1998), thus it is reasonable to predict that these genes could play a role in 
reducing water use through drought tolerance mechanisms. The exact function of these 
genes in response to drought or other stresses is not presently understood. Furthermore, 
there are no published accounts of the role of DEFL genes with respect to reproductive 
performance, or biomass accumulation. As such, it is difficult to predict whether these two 
genes contribute to the natural variation observed for water productivity without performing 
reverse genetics-based validation studies.   
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6.  General discussion  
6.1 Project background, aims, and approaches   
Traditionally, efforts to understand the impact of water availability and water use on 
plant performance have focused on the concepts of drought resistance and WUE 
respectively (Blum, 2005; Morison et al., 2008). During the past two decades, the natural 
variation present within Arabidopsis has been harnessed to further our understanding of the 
physiological and genetic basis of both drought resistance and WUE (Reviewed in: Juenger, 
2013; Kooyers, 2015). During this time period, substantial criticism of drought resistance and 
WUE has arisen because of the lack of evidence supporting their association to reproductive 
performance (Passioura, 2004; Condon et al., 2004; Blum, 2005, 2009; Sinclair & Purcell, 
2005; Morison et al., 2008). This present study was performed in order to elucidate the 
physiological and genetic basis of water use and water productivity as alternatives to drought 
resistance and WUE. Dissecting the bases of these traits is of considerable interest since it 
will facilitate a systematic understanding of the mechanisms through which water use can 
be reduced without inferring a reduction in harvestable yield. 
 An assessment of the natural variation of multiple phenological and physiological 
traits relating to water use and fitness was performed as a precursor to genetic mapping. A 
maximum of 46 ecotypes were subjected to specifically designed SD and CW experiments 
that enabled both the calculation and measurement of water use and water productivity. 
Water use and productivity were compared to important life history traits as well as measures 
of WUE, namely iWUE and δ13C. This allowed for the determination of traits that are 
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genetically linked to water use and productivity, as well as those that are in evolutionary 
constraint of these target traits. 
The ecotypes Col-0 and C24 have previously been observed to demonstrate 
substantial difference in water use and water productivity (Bechtold et al., 2010). For this 
reason, the RIL population derived from these ecotypes (Törjék et al., 2006) was employed 
for QTL mapping of these traits. 146 RILs were subjected to an SD experimental period and 
phenotypically characterized for flowering, biomass accumulation, and water use. To 
complement the QTL mapping, a GWAS was performed based on 117 distinct ecotypes for 
the same traits, again using an SD experimental period. Both the QTL and GWAS projects 
allowed for further exploration of the general trends observed as part of the original scan of 
Arabidopsis natural variation and for the elucidation of the genetic factors underlying water 
use and productivity. 
6.2 Key Findings 
 Seed yield in Arabidopsis is more sensitive to environmental heterogeneity than water 
use, vegetative biomass accumulation, and flowering time. Elevated sensitivity is 
evident from the greater variation in plasticity for seed yield and from the estimates of 
heritability (reduced) and evolvability (elevated).  
 Flowering time is genetically coupled to vegetative biomass accumulation and water 
use, where plants that flower later use more water in both the short and the long term 
and also accumulate far more vegetative biomass. 
 Seed yield is in evolutionary constraint of flowering time and vegetative biomass 
accumulation, in a relationship that is symptomatic of a resource allocation trade-off. 
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Plants that flower earlier appear to have improved reproductive productivity and use 
less water.  
 It is possible to accurately determine long term water use and water productivity of 
Arabidopsis by multiplying short term water use, i.e. the rate of soil drying, by 
flowering time. 
 QTL mapping determined that allelic variation at FRI and FLC is responsible for the 
majority of the variation that exists for water use in the Col-0 x C24 RIL population. A 
combination of non-functional alleles of both genes significantly reduces water use by 
reducing the flowering time of Arabidopsis. Crucially, a reduction in water use 
achieved in this manner does not impair reproductive performance.  
 GWAS identified multiple candidate genes that potentially underlie the variation 
observed between 117 ecotypes for multiple traits. The identification of the known 
floral transitioning gene SSRP1 provides validation that pertinent phenotyping and 
analyses were performed. It also represents an avenue through which it may be 
possible to reduce flowering time, and consequently water use. Further promising 
candidate genes include IQ-DOMAIN 12 (short term water use), ATBAG6 
(reproductive biomass accumulation), and CHYR1 (reproductive biomass 
accumulation).  
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6.3  Findings in relation to previous work 
6.3.1 The physiological basis of improved plant 
performance under the context of water use  
6.3.1.1 Drought Resistance 
Pioneering efforts to understand plant performance under reduced water availability 
entailed studying species or genotypes that persist in habitually dry environments. This 
persistence is a result of natural selection driving the evolution of drought resistance 
mechanisms inherent to said species or genotypes (Levit, 1972). Studies of this nature have 
resulted in a very broad understanding of the physiological and phenological mechanisms 
that confer drought resistance (Reviewed in: Kooyers, 2015).  
The assessment of short term water use as described in this present study is to some 
extent parallel to the idea of drought avoidance, which is the predominant component of 
drought resistance (Levit, 1972; Blum, 2005). It is analogous in the sense that a plant that 
uses less water in the short term will avoid succumbing to severe drought stress as quickly 
as a plant that uses more water. With respect to the ecotype-based studies described here, 
short term water use appeared to be predominantly determined by the size of the plant, 
where larger plants demonstrated increased short term water use (Fig. 2.4). Plants with 
larger overall leaf surface areas tend to have a greater total number of stomata (Carins 
Murphy et al., 2014), as such it is likely that the association between size and short term 
water use is a result of the increased opportunity for water loss in larger plants. Within the 
Arabidopsis community there has been a surprising lack of research into the effect of plant 
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size on water use or drought resistance, however a relatively recent Arabidopsis lyrata based 
study from (Paccard et al., 2014) demonstrated a very similar trend to that described here 
between plant size and short term water use.  
6.3.1.2 Water use efficiency 
Today there is substantial evidence to suggest that studies aimed at interpreting 
drought resistance and drought escape mechanisms are impractical because they are often 
linked to low productivity (Condon et al., 2004; Sinclair & Purcell, 2005; Morison et al., 2008; 
Bechtold et al., 2010). For this reason, many researchers now focus on the idea of WUE in 
order to assess plant performance under drought stress or to minimize water inputs 
(Reviewed in: Lawson & Blatt, 2014; Vadez et al., 2014). WUE is a preferential assessment 
here because it provides a measure of the maintenance of photosynthesis as a ratio of the 
stomatal regulation of transpiration (water loss).  
The assessments of WUE, measured as both iWUE and δ13C, used in this study 
provide substantial evidence to suggest that alterations to WUE are predominantly achieved 
via changes to stomatal conductance and transpiration, as opposed to variation in the rate 
of photosynthetic assimilation (Figs. 2.5, 2.6, 2.7, 3.7). This is in concurrence with previous 
work in Arabidopsis (Easlon et al., 2014) and also in cereal species (Reviewed in: (Condon 
et al., 2004; Blum, 2009). In general, I observed that iWUE and δ13C shared neutral 
relationships with vegetative biomass accumulation (Fig. 2.4, Section 3.3.3). Additionally, 
there was no link between these proxies and either measured or calculated WUE, i.e. 
biomass accumulated as a ratio of water used over the course of the lifetime of the plant 
(Figs. 2.4, 4.3, 5.2). To the best of my knowledge, no published work has demonstrated a 
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significant link between either iWUE or δ13C and biomass in Arabidopsis. Indeed, Kenney et 
al (2014) describes how the relationship between δ13C and biomass production is verging 
on negative, suggesting that ecotypes that demonstrate lower δ13C (higher WUE) under 
drought stress actually have reduced biomass production. As such, my observations with 
respect to WUE and biomass accumulation are in line with previous work (Kenney et al., 
2014) and point toward the ineffective nature of the different ways employing and interpreting 
WUE in Arabidopsis. Despite this, the link between these physiological parameters is 
somewhat different in many cereal species, where numerous studies have in fact detected 
a strong positive relationship between WUE and total above-ground biomass, however the 
link with yield is much more commonly neutral (Reviewed in: Condon et al 2004).  
The lack of an observed relationship between δ13C and biomass production in 
Arabidopsis is likely due its non-domesticated nature. Domesticated crops have consistently 
been bred to improve yield without consideration for water lost through transpiration, as such 
they have been bred to divert all photosynthetically acquired resources toward growth and 
productivity (Lawson et al., 2012). It is therefore unsurprising that a link between δ13C and 
biomass production does occasionally exist in some crop species (Condon et al., 2004; 
Morison et al., 2008). Conversely, Arabidopsis ecotypes have not undergone selection that 
mirrors this artificial breeding. As such, it is unlikely that a link exists between δ13C and 
biomass production in Arabidopsis, since those ecotypes that have reduced δ13C (improved 
WUE) are not certain to divert the additional photosynthates they acquire toward growth, 
unlike crops that have been bred to do so. These particular ecotypes are perhaps more likely 
to divert these photosynthates toward abiotic stress defense mechanisms that are 
associated with reduced water availability and drought.   
 
 
226 
 
6.3.1.3 Water use and productivity 
 Very few studies have previously attempted to measure lifetime water use in 
Arabidopsis or any plant species (Bechtold et al., 2010, 2013). Furthermore, these studies 
have assessed water use and water productivity in only a few ecotypes or transgenics. As 
such, this present study allows for informed assertions toward the physiological and genetic 
basis of improved water use and water productivity in Arabidopsis. 
 One of the fundamental findings of this study is the development of proxy parameters 
that accurately predict water use and water productivity. This was achieved through 
multiplying short term water use by the point of bud initiation, i.e. flowering time. The accurate 
nature of the calculated measure of long term water use was demonstrated by comparing 
cWU and mWU of the ecotypes that constituted both the CW experiment (Fig. 2.10a), but 
also based on these same measures of the ecotypes that constituted the parallel SD 
experiment (Fig. 2.10b). The ability to calculate long term water use and water productivity 
was essential for this type of study, since manually measuring these parameters for the 
entire QTL and GWAS mapping panels would have been unfeasible in the given time.  
 Despite the observation that both iWUE and δ13C appeared to be primarily determined 
by stomatal conductance and thus water lost through transpiration (Figs. 2.5, 2.6, 3.7), there 
was no association between iWUE or δ13C and mWU or cWU. Furthermore, stomatal 
conductance and transpiration did not appear to be accurate predictors of water use either 
(Fig. 2.4). This suggests that instantaneous measures of stomatal conductance, 
transpiration, and iWUE are neither representative of the whole plant nor do they provide an 
accurate measure of these parameters over the lifetime of the plant. This points towards the 
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need for the adoption of whole plant gas exchange, as demonstrated by Easlon et al (2014), 
performed on a continuous time scale. This would allow for the determination as to whether 
lifetime rates of conductance, transpiration, or iWUE do in fact determine long term water 
use. Likewise, this could also be less intrusively achieved via imaging based assessments 
of WUE which allow for dynamic assessments of these parameters (McAusland et al., 2013).  
There are no previous examples relating to the assessment of δ13C as a physical 
marker of water use. The neutral association between δ13C and water use is initially harder 
to discern than those described above, however it is possible that it is related to the time of 
harvest of the tissue samples. δ13C is often described as an integrated measure of WUE, 
providing a measure of WUE that is more representative of actual WUE, i.e. unit of biomass 
gained per unit of water lost, than iWUE (Araus et al., 2002). However, the tissue harvested 
to assess δ13C is often harvested before flowering and seed setting (Condon et al., 1993, 
2004; Rebetzke et al., 2002; Hausmann et al., 2005; Masle et al., 2005; Kenney et al., 2014), 
as is the case with this study. For this reason, if δ13C does indeed provide an integrated 
measure of WUE, it will only be a measure that is relevant up to the point of tissue harvesting, 
furthermore it will likely only be relevant for the tissue type analyzed. Water use is hugely 
dependent on flowering time (Fig. 2.14); as such it is not wholly surprising that δ13C here 
doesn’t directly relate to water use, since the associated tissues samples were harvested 
within one-to-three days of each other and before flowering, which was vastly different 
between these ecotypes. 
 With respect to the above, cereal based studies have previously described how the 
relationship between leaf-δ13C and grain-δ13C is very weak (Condon et al., 1993; Merah et 
al., 2001), which suggests that δ13C measures are only relevant for the tissue they are 
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harvested from. This proposition can only really be supported by comparing leaf-δ13C 
measures attained from tissue harvested along a temporal scale. As an aside, it is also worth 
noting that δ13C estimated from grain is often far more tightly linked to yield in a positive 
sense than estimates from leaf tissue (Voltas et al., 1999; Merah et al., 2001; Royo et al., 
2002; Araus et al., 2002), which may also go some way to explaining the lack of association 
between δ13C and yield observed here in Arabidopsis (Section 3.3.3). 
In general, water use appeared to be predominantly determined by flowering time and 
vegetative biomass (Figs 2.4, 2.14). Also, it is worth noting that lines that flowered later 
accumulated significantly more vegetative biomass (Figs. 2.4, 4.3, 5.2), but less (Ecotypes; 
2.4, 5.2) or insignificantly different (RILs; Fig. 4.3) reproductive biomass. It is assumed that 
a plant that flowers later and uses more water has a reduced WUE, unless the excess 
biomass it accumulates overcompensates for the increased volume of water used. This 
overcompensation scenario did not hold true for this study (Section 3.3.3), as such it is 
reasonably safe to make this assumption. Herein lies the fundamental discrepancy that 
exists between this present study and the extensive body of work that has centered on 
understanding the natural δ13C/WUE variation in Arabidopsis (E.g. (McKay et al., 2003, 
2008; Juenger & Mckay, 2005; Hausmann et al., 2005; Kenney et al., 2014). These studies 
consistently report a positive genetic correlation between flowering time and WUE, 
measured as δ13C, under drought stress. This would suggest that plants with a greater 
lifespan have a higher WUE. Based on my consistent observation that water use is driven 
by flowering time (Figs 2.4, 2.14), I would argue that a positive link between flowering time 
and WUE is unlikely. I believe this discrepancy is a fundamentally due to δ13C not providing 
a truly integrated or predictive measure of WUE in Arabidopsis. 
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6.3.2 Genetic basis of water use and productivity related 
traits 
In Arabidopsis, multiple genetic factors have been identified that contribute to 
improved drought resistance through multiple means. In general, these genetic loci are 
implicated in stomatal signaling (Vahisalu et al., 2008; Brandt et al., 2012; Kanno et al., 2012; 
Behnam et al., 2013), early stress response and transduction pathways (Yamaguchi-
Shinozaki & Shinozaki, 2006; Utsumi et al., 2012), and in protecting photosynthesis, i.e. 
improving WUE (Rossel et al., 2006, 2007; Moulin et al., 2008; Lee et al., 2009). Manipulation 
of these genes may well serve to improve water use and/or water productivity, especially in 
the case of genes that reduce water loss or enhance the capture of soil moisture (Blum, 
2005).  
The numerous studies that have explored the natural variation for δ13C in Arabidopsis 
have demonstrated trends with flowering (McKay et al., 2003, 2008; Juenger & Mckay, 2005; 
Hausmann et al., 2005; Kenney et al., 2014). Consequently, when these studies have also 
employed linkage disequilibrium mapping, QTLs that colocalise with flowering time genes 
have often been elucidated. The most pertinent example of this is that of McKay et al (2003) 
who demonstrated that FRI and FLC are tightly linked to both flowering time and δ13C. Using 
NILs, McKay et al (2003) demonstrated that the introgression of a functional allele of FRI 
into a genotype with a functional FLC allele delays flowering time. This is entirely as 
expected, and is mirrored by my observations based on grouping Col-0 x C24 RILs into 
allelic forms of these flowering time genes (Fig. 4.5). Concurrently with their observation 
regarding the positive association between flowering time and δ13C, McKay et al (2003) also 
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observed that those NILs with functional FRI and FLC alleles also demonstrated elevated 
δ13C, suggesting that they have improved WUE. This is contrary to my observation that 
combining functional alleles of these genes increases water use, due to an increased 
lifespan, i.e. delayed flowering. Furthermore, functional alleles of these genes have reduced 
reproductive biomass, as they appear to allocate additionally acquired photosynthetic 
resources to vegetative biomass sinks (Fig. 4.3, 4.5).  
Further contradiction is found with respect to the above in the study of Hausmann et 
al (2005) who used a RIL mapping population derived from the ecotypes Col and Ler to 
identify QTL related to δ13C. This particular study also observed a positive genetic correlation 
between flowering time and δ13C. Additionally, Hausmann et al (2005) described how those 
plants with the greatest WUE (δ13C) not only flowered later, but they were also smaller and 
produced fewer branches and siliques. This is again in complete contradiction to my 
observations in the sense that flowering time was also tightly linked to vegetative biomass 
accumulation. Therefore, plants that flowered later produced more total above ground 
biomass, so were larger than lines that flowered earlier (Figs. 4.3, 5.2.). Additionally, it is 
worth remembering that flowering was also negatively linked to reproductive performance in 
the ecotypes (Figs. 5.2). 
Based on these findings, it can be argued that it is important to measure actual water 
use and productivity, since proxies do not appear to be accurate predictors of these traits. 
As a follow on to this, GWAS was employed in order to identify wholly novel genes that may 
contribute to the variation observed for these traits in Arabidopsis. The promising candidate 
genes illuminated through GWAS are reviewed in brief below. 
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The known flowering time gene, SSRP1, was identified to be responsible for a 
substantial degree of the variation for flowering time between the GWAS ecotypes (Fig. 5.9., 
5.10.). SSRP1 is a key regulator of the expression of FLC, as it is a component of the FACT 
transcription factor complex (Lolas et al., 2010; Van Lijsebettens & Grasser, 2010). 
Identification of SSRP1 through GWAS for flowering time offered encouragement that 
apposite phenotyping and statistical mapping had been performed. Additionally, SSRP1 may 
offer an avenue through which time to flowering may be reduced, thereby potentially 
minimizing water use.  
Three promising candidate genes were identified following GWAS for water use. Two 
of these genes were associated to variation for short term water use, IQ DOMAIN 12 and a 
previously uncharacterized aspartic protease gene (Table 5.4). Based on their response to 
water availability and because of the known function of their respective gene families (Table 
5.5, Yao et al., 2012; Cai et al., 2015), both represent targets through which short term water 
use and drought resistance may be improved. Additionally, the uncharacterized receptor like 
kinase protein identified through GWAS for cWU (Table 5.14) also offers encouragement as 
a candidate through which water use may be reduced due to its upregulation in response to 
both oxygen deprivation and drought stress in root samples. As such, it may be important 
for conferring root-to-shoot ABA signaling. Improving ABA signaling may represent an 
additional means through which water use could be reduced given appropriate conditions, 
since this typically induces stomatal closure (Osakabe et al., 2014), thereby reducing water 
use.  
GWAS for cWP revealed two associated genes, both of which were DEFL-like 
proteins according to gene ontology (Table 5.16). There is no previously documented 
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account of DEFL-like proteins contributing to drought resistance, water use, or productivity. 
Additionally, neither of these genes appear to be differentially expressed in response to 
abiotic stress. Despite this, two promising candidate genes arose from the GWAS for 
reproductive biomass accumulation as a unique trait, i.e. without consideration for water use. 
The ATBAG6 gene is potentially the causal gene underlying a significant proportion of the 
variation for chaff biomass (Fig. 5.16, Table 5.10). It is perhaps more likely to be the casual 
gene associated to the SNP of interest than the other nearby genes due its role in 
programmed cell death (Williams et al., 2010), which is known to be crucial for plant growth 
(Reviewed in: Reape & McCabe, 2010). Moreover, ATBAG6 is also involved in resistance to 
drought stress (Nawkar et al., 2016), so may offer the potential to combine elevated 
reproductive performance with improved drought resistance and/or reduced water use. The 
CHYR1 gene was identified following GWAS for seed yield (Table 5.13). It has been 
implicated in the control of water use through regulating ABA-induced stomatal closure in 
both rice (Hsu et al., 2014) and Arabidopsis (Ding et al., 2015). As such, its identification 
through GWAS for seed yield and its known biological functionality points toward a route 
through which reduced water use and improved productivity may be combined to increase 
water productivity. 
6.4 Future work 
 In context of the extensive assessment of natural variation for δ13C in Arabidopsis, 
the general trends reported by my research suggest that commonly utilized proxies for WUE 
and productivity are inefficient for predicting the amount of reproductive biomass produced, 
either as a unique trait or as a factor of the volume of water used by the plant, i.e. water 
productivity. I would argue that this is especially true of δ13C and iWUE, of which neither 
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appeared related to water use or reproductive performance. The garden experiment 
performed as part of Chapter three confirmed that those ecotypes that perform best in terms 
of reproductive performance in controlled conditions, also do so in outdoor conditions (Fig. 
3.16). Additionally, it provided further support to suggest that flowering is linked to vegetative 
biomass accumulation and that larger plants produce less reproductive product (Figs. 3.14, 
3.15). However, neither δ13C nor iWUE were assessed as part of this study. As such, it would 
be interesting to repeat such an experiment whilst also assessing these proxy measures to 
understand how they relate to biomass accumulation in a more natural/agronomic situation.  
 It is possible that one of the fundamental reasons why δ13C does not appear to be an 
accurate proxy of WUE or biomass-accumulation in Arabidopsis is because it only provides 
an integrated measure up to the point at which tissue is harvested. For this reason and 
because of its extensive application, I think it would be appropriate to conduct a proof-of-
concept study, where δ13C is assessed along a temporal scale at various different 
developmental stages and based on vegetative and reproductive tissue. This would allow 
for a true representation of how δ13C relates to water use, actual WUE, and water 
productivity. 
The QTL detected on chromosomes four and five underlying flowering time, water 
use, and vegetative biomass accumulation were validated as FRI and FLC respectively 
(Section 4.5). Two additional QTL were detected on chromosomes one and two, both 
underlying variation for short term water use (Fig. 4.4). The first of these, STWU:1, 
colocalises with GI, as such before proceeding with fine mapping, it would be prudent to 
initially test whether GI is indeed the gene underlying STWU. Since there are no obvious 
genes colocalising with the second short term water use QTL, STWU:3, fine mapping is 
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required to delineate the precise genetic basis of this QTL. This would be most efficiently 
achieved through saturating these regions with further SNP markers and re-performing QTL 
analysis. The required molecular markers would be easy to design, since the genomic 
sequences of Col-0 and C24 are publicly available (The 1001 Genomes Consortium, 2016). 
Identification of genes underlying these short-term water use QTLs would represent 
additional targets through which water use may be manipulated in Arabidopsis.  
 Since FRI and FLC have been confirmed to control water use in the mapping 
population, it is necessary to obtain NILs to confirm their importance. All RILs were grouped 
according to whether they harbored Col-0 or C24 alleles of both FRI and FLC. Those RILs 
possessing functional alleles of both demonstrated the greatest water use and reduced 
reproductive performance (Fig. 4.5). This is in accordance with my hypothesis regarding 
flowering time, water use, and reproductive fitness. Despite this, testing NILs which have the 
different alleles of both genes introgressed into both genomic backgrounds is required to 
fully support this hypothesis. Indeed, these NILs have already been developed (Törjék et al., 
2006).  
 A further natural progression of the QTL mapping-based research is to translate these 
findings into a crop species. To this end it would be interesting, and potentially of agronomic 
significance, to investigate the effect of homologs of FRI and FLC in Brassica napus, 
rapeseed, which is closely related to Arabidopsis. B. napus is of great economic importance 
to the global agricultural sector, as such improving harvestable yield whilst reducing 
irrigational outlays is of considerable interest (White et al., 2015; Zhu et al., 2016). Multiple 
homologous of FRI and FLC have previously been identified in B. napus and the functionality 
of many of them is conserved. Moreover, associated allelic variation has been demonstrated 
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to control flowering time variation (Wang et al., 2011; Zou et al., 2012). Initially, it would be 
interesting to test the water use and productivity of multiple accessions of B. napus that 
harbor different alleles of BnFRIs and BnFLCs. Additionally, it is worth noting that mapping 
populations have been developed and successfully employed to map flowering time QTL, 
including FLC (Long et al., 2007) and FRI (Wang et al., 2011) homologs. As such it may be 
possible to take a similar NIL-based approach to that previously described for Arabidopsis 
in order to understand how combining BnFRI and BnFLC alleles of different functionality 
effects water use and productivity in B. napus.  
 Using the RIL population developed from the Col-0 and C24 ecotypes, QTL mapping 
was inefficient at delineating the heritable genetic basis of seed yield or water productivity. 
This could potentially be addressed through incorporating more RILs into the study to try and 
capture more allelic variation. Alternatively, it may be more efficaciously achieved through 
the development of a more appropriate mapping population. For example, a population 
developed using the very high yielding ecotype DraIV 2-6 with the moderately yielding variety 
DraIV 4-2 may be more fruitful in terms of identify QTL associated with yield. Furthermore, 
these two ecotypes would be particularly interesting to use as parental lines since they are 
from the same area of Czech Republic and have thus likely been subjected to very similar 
environmental perturbations during their evolutionary history. For this reason, the elevated 
productivity demonstrated by DraIV 2-6 is likely to have a distinct genetic basis, as opposed 
to owing to allelic variation at loci that confer tolerance to abiotic stress. Equally, the ecotypes 
C24 (high yield/cWP) and Se-0 (low yield/cWP) could be appropriate for this purpose since 
they both arise from arid Iberian environments and have similar flowering times.  
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 GWAS identified 62 protein coding genes associated to flowering time, water use, 
and biomass accumulation. Apart from SSRP1, which is highly likely to be responsible for 
the associated significant SNP for flowering time, the presented elucidation of which genes 
are responsible for the associated trait variation is based on their response to abiotic stress 
and on previously characterized gene-specific and/or family-specific functionality. In order to 
truly validate which genes are responsible for underlying trait variation, it is necessary to test 
mutant and overexpressor lines to validate the phenotypic consequence of repressing and 
enhancing the expression of these genes respectively. As with the FRI and FLC NILs, it 
would be sensible to test the effect of such lines via continuous watering experiments, to 
precisely measure water use and water productivity.    
 Comparing the expression of all of the candidate genes under drought and control 
conditions between multiple ecotypes would be an extremely useful precursor to the above-
outlined gene validation studies. Differential expression between the ecotypes that mirrors 
the performance of the same ecotypes with respect to the trait of interest, for example water 
use, would provide substantial evidence that certain genes are involved in variation of that 
trait. This would be of great biological interest in of itself, but it would also help to narrow 
down the candidate gene list. Additionally, comparison of expression differences between 
these ecotypes in controlled environments and outdoor conditions would help to illuminate 
whether genes that are apparently important in controlled conditions maintain their effect 
and importance in field-like conditions.  
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6.5 Summary 
 In summary, this present research has described novel means through which to 
assess plant performance under the context of water availability and has confirmed the 
usefulness of these means in relation to more commonly employed assessments of 
performance, primarily WUE. Furthermore, genetic mapping was employed in order to 
understand the genetic basis of traits relating to water use and productivity. Arabidopsis 
represents the ideal study system for research of this nature. The ready availability of plant 
material that represents genetic variation in the form of ecotypes and mapping populations 
facilitates the opportunity to perform phenotypic scans of natural variation in order to address 
questions relating to the phenological and developmental basis of improved performance 
and how proxies do, or do not, relate to performance. Additionally, public access to 
appropriate genotypic information allows for follow up genetic dissection efforts as 
demonstrated in Chapters four and five. The short generation time, small size, and 
manipulability of Arabidopsis also contributes to the feasibility of studies of this nature, 
especially given time and space constraints. As previously described, the natural 
progression of this present study will involve reverse genetics to understand the importance 
of candidate genes for water use and productivity and population genetic analyses in order 
to ascertain the ecological and evolutionary significance of allelic variation at these genes. 
Again, Arabidopsis is perfectly suited for research to this end thanks the public availability of 
mutant lines and due to the resources and tools tied to the 10001 genomes project that allow 
for population genetic analyses (The 1001 Genomes Consortium, 2016).     
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